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Fig. 1. Experimental Setup and Procedure. (1) In a first experiment, 86 participants interacted with different GPT-3-based
chatbots over three weeks while regularly reporting the chatbot’s personality using three adjectives. (2) We cleaned and
clustered the adjectives, yielding a final set of 147 chatbot-personality descriptors. (3) In a second experiment, 451 new
participants rated a subset of the conversations using the new set of descriptors. We then factor-analyzed the ratings, obtaining
a multi-granular chatbot personality space that reflects the participants’ perception of GPT-3’s exhibited personality.

Large language models such as GPT-3 and ChatGPT can mimic human-to-human conversation with unprecedented fidelity,
which enables many applications such as conversational agents for education and non-player characters in video games. In
this work, we investigate the underlying personality structure that a GPT-3-based chatbot expresses during conversations
with a human. We conducted a user study to collect 147 chatbot personality descriptors from 86 participants while they
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interacted with the GPT-3-based chatbot for three weeks. Then, 425 new participants rated the 147 personality descriptors in
an online survey. We conducted an exploratory factor analysis on the collected descriptors and show that, though overlapping,
human personality models do not fully transfer to the chatbot’s personality as perceived by humans. We also show that
the perceived personality is significantly different from that of virtual personal assistants, where users focus rather on
serviceability and functionality. We discuss the implications of ever-evolving large language models and the change they
affect in users’ perception of agent personalities.

CCS Concepts: « Human-centered computing — Empirical studies in HCI; HCI theory, concepts and models; Natural
language interfaces;
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1 INTRODUCTION

The recent emergence of large generative language models (LLMs) such as GPT-3 [16] and its successors,
ChatGPT [96] and GPT-4 [83], has revolutionized the field of natural language processing and artificial intelligence.
Because of their capacity to process natural language with unprecedented accuracy, these models open up new
applications and use cases in a wide variety of contexts [26, 35, 96]. Specifically, their ability to produce text that
is often indistinguishable from human-generated text enables their use as conversational agents [57, 62, 86, 108],
thereby increasing the believability [70, 106], immersiveness [52], and personalization [58] of interactions. Such
conversational agents were successfully adapted as non-player characters (NPCs) in games [2, 5] and show great
promise for pedagogical applications [1]. Nevertheless, the integration of such technology must be carried out with
the highest care given that issues regarding consistency and user influence remain unresolved [27, 55, 57, 74]. New
challenges such as security and content control issues hinder the technology from entering high-risk applications
such as education and mental health care where there is no room for inconsistent or counterproductive agent
behavior [9, 82]. Thus, it is imperative to investigate how humans interact with LLM-based conversational agents
and to understand the risks and challenges that arise in such interaction scenarios.

An important aspect of human-chatbot interaction is the design and control of the personality of a conver-
sational agent [32, 33, 109]. Conveying personality in conversational agents makes the interaction engaging
and believable, lets the user anthropomorphize the agents [40, 66], enhances the user engagement [88] and user
experience [91], and increases user acceptance of the agent through a high level of personalization [98].

However, recent findings on the personality exhibited by voice-based service assistants (e.g., Siri and Alexa) [103]
suggest that there are structural differences between well-established human personality models such as the
Five Factor model [25, 69] and the personality perceived by the users when interacting with such assistants. This
leads to the question of to what extent the personality dimensions exhibited by recent LLM-based conversational
agents agree with human personality models, and whether these dimensions are congruent with dimensions
derived in previous work. Investigating such structural differences is necessary to align the design of agent
personality with the user’s perception and expectation [103, 104], enabling the systematic design, assessment,
and comparison of LLM-based conversational agents in terms of the personality dimensions.

In this work, we investigate the underlying personality structure expressed by a GPT-3-based chatbot during
human-chatbot conversations and compare the results to the agent personality model by Vélkel et al. [103] and
to the Five Factor Model of human personality [25, 69]. In our study (see Figure 1), 86 participants described the
personality of a GPT-3-based chatbot in regular intervals while conversing with the chatbot for three weeks. We
merged the descriptors into a set of 147 adjectives by performing multiple processing steps including spelling
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correction and synonym clustering. In a second step, 425 participants were asked to read a subset of the previously
collected conversations and rate the chatbot’s personality based on the 147 descriptors. We then performed
an exploratory factor analysis on the ratings of the 147 descriptors. We found that the perceived personality
exhibited by the GPT-3-based chatbot is closely tied to three personality traits found in the human Big Five
personality model [25, 69] (agreeableness, conscientiousness, and neuroticism). However, we also found multiple
additional relevant factors describing profoundness, vibrancy, engagement, and functional instability.

Our findings show that the underlying personality structure of a GPT-3-based chatbot consists of additional
salient dimensions in addition to the Big Five personality traits. We also found substantial differences regarding
social-behavioral characteristics compared to the existing personality model for service-oriented voice agents
from Volkel et al. [103]. Our results highlight that users’ perception of agent personality is in constant transition
due to users’ familiarization with new types of agents and recent advancements in the area of generative artificial
intelligence. This causes users to develop different expectations, which demands a continuous re-evaluation of
agent personality models. Our analysis provides a thorough examination of the underlying personality space
across varying factor numbers culminating in a new set of eight agent personality traits that reflect current user
expectations. This work constitutes a first step towards the systematic design of personality-infused conversational
agents based on the user’s perception and state-of-the-art language models.

1.1  Contributions
Our contributions are threefold:

o We analyze the personality space exhibited by GPT-3 in human-chatbot interactions from a dataset collected
in-the-wild.

o We show that the perceived agent personality, though overlapping, shows substantial differences compared
to human personality models and existing agent personality models.

e We present a multi-granular exploration of the underlying factor space, yielding a new set of eight
personality traits based on the user’s perception of conversational agents using state-of-the-art language
models.

2 RELATED WORK
2.1 Personality Trait Theory

There exist systematic differences in the way humans think, behave, and react when exposed to different
situations [3]. Personality trait theory explains these differences by describing human personality as a set of
latent traits that directly influence such behavioral characteristics [3, 44, 45]. Although personality traits are
tendencies rather than strict behavioral patterns, researchers have found several links between personality traits
and people’s entertainment interests and preferences [15, 34, 76, 80], as well as people’s acceptance and trust
towards artificial intelligence [12].

The psycho-lexical approach [42] is a widely used method to investigate the structure of human personality
traits. People’s perception of personality is first captured as a set of descriptive adjectives [17, 75]. This set is
then refined in a multi-stage process consisting of applying exclusion criteria and clustering [43-45]. Based on
the ratings of a large number of people, an exploratory factor analysis is used to extract a small number of latent
factors. From these latent factors, the Five Factor Model [25, 69], often referred to as the Big Five personality traits,
emerged as the most prominent model for human personality. It describes human personality as a combination of
five traits (i.e., openness to experience, conscientiousness, extraversion, agreeableness, and neuroticism) each differing
in intensity. Other personality models include the HEXACO personality model [6, 7] (Big Five traits plus one
additional trait denoting honesty-humility) and the Eysenck three-factor model [31] (extraversion, neuroticism,
and psychoticism).
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2.2 Personality in Conversational Agents

The interaction with conversational agents should be natural, comfortable, and human-like [10]. To achieve this,
different social cues are useful, for example, the ability of the agent to exhibit a consistent personality [102],
which is often infused in a user-centered way [33] and can be controlled through prompt engineering [79]. For
example, Liu and Sundar [63] found that users prefer an agent that expresses sympathy and empathy over an
emotionless agent when giving health advice and that they prefer an agent to avoid judgmental statements when
discussing the users’ physical activity, as found by Kocielnik et al. [56]. Sviknushina and Pu [98] suggested that
user acceptance can be drastically increased when the agent exhibits politeness, entertainment, attentive curiosity,
and empathy, which is particularly useful in pedagogical settings to foster emotional awareness in children [38].
Shumanov and Johnson [88] showed that adjusting the agent’s personality to match the consumer’s personality
has a positive impact on consumer engagement and purchases in sales. Similarly, Fernau et al. [32] found that the
overall user satisfaction in job recommendation was generally increased by agents that adapt their personality to
the user’s personality.

However, preferences towards human-like characteristics and affective abilities in conversational agents are
not universal [47]. Lopatovska et al. [65] found that in certain contexts, users may favor a lack of personality
in these agents. This preference is often driven by a desire to prevent the formation of personal relationships
with the agent or to concentrate on the utilitarian aspects of the interaction. Nevertheless, many conversational
agents—specifically in the realm of personal assistance (e.g., Alexa, Siri, Cortana, and Google Assistant)—do not
offer this degree of control but exhibit a predefined personality often surrounding high competence, efficacy,
friendliness, and moral [64]. Such predefined personalities have also been identified as a factor leading to negative
stereotyping [78], which highlights the need for customizable agents where personality traits can be tailored to
align with the varying user preferences and requirements.

To infuse an agent with personality, both visual and verbal cues have been used: McRorie et al. [71] found that
the systematic integration of personality into virtual agents through visual cues and behavioral characteristics
results in a high agreement between the perceived and the infused agent personality. Further, Andrist et al. [4]
showed that visual cues such as the agent’s eye gaze can influence whether the agent is perceived as introverted
or extroverted. In addition to visual cues, Aylett et al. [8] found that the agent’s voice can also influence the
perception of the agent’s personality. In contrast, the verbal indicators humans use to express personality through
written language cannot be easily transferred to conversational agents because they do not align with how
humans perceive the agents [104]. These findings ask for a systematic investigation of how humans perceive
agent personality in order to successfully equip the agents with the ability to exhibit personality through written
verbal cues in a consistent way.

2.3 Agent Personality Models

Inspired by the psycho-lexical approach, Vélkel et al. [103] proposed a general personality model for speech-based
personal assistants consisting of ten latent dimensions. They collected descriptors of personal assistants in three
different ways. First, in an online survey, 135 participants described the personality of speech-based assistants
(e.g., Apple’s Siri, Microsoft’s Cortana, and Google Assistant). Second, 30 participants were interviewed to describe
the assistant’s personality. Third, the authors extracted descriptions of behavior and personality from 30,000
online reviews of personal assistants on the Google Play Store. The collected descriptors were merged and
post-processed, which resulted in 349 unique descriptors. Next, 744 participants rated the personality of the most
familiar assistant in terms of the extent to which each of the 349 descriptors was perceived in the agent on a
4-point scale. Using exploratory factor analysis on the ratings, they found ten latent factors (i.e., confrontational,
dysfunctional, serviceable, unstable, approachable, social-entertaining, social-inclined, social-assisting, self-conscious,
and artificial) describing the assistant’s personality. No latent factor coincided with the Big Five personality
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traits, indicating that human personality models do not transfer to the personality perceived in speech-based
personal assistants. Their findings highlight the importance of a dedicated agent personality model given that
some of the derived personality dimensions are not present in human models (e.g., dysfunctional, serviceable,
and artificial). These dimensions are important for the user’s perception of the agent’s personality and must be
properly addressed in the agent design process.

Large language models such as GPT-3 [16] and its successors, ChatGPT [96] and GPT-4 [83], have been trained
on a large amount of human-generated text. As human personality is revealed through text [67, 77], it is important
to investigate whether the personality exhibited by LLM-based chatbots follows human personality models.
Miotto et al. [73] compared the average personality measured in terms of the HEXACO personality inventory
filled in by GPT-3 to the human average. GPT-3 exhibited the same personality as humans except for higher
honesty-humility and lower emotionality. Similarly, Jiang et al. [51] used prompt engineering on GPT-3.5 to create
different personality profiles based on the Big Five personality traits and asked GPT-3.5 to complete the BFI
questionnaire according to the infused personality. The results showed a high overlap between the prompted
and the reported personality traits. However, these findings do not rely on user perception, making it difficult to
adapt the findings to LLM-based chatbots that interact with real users. To better understand if the personality
profile of LLM-based conversational agents perceived by users is human-like, further analysis is necessary.

3 INTERACTION EXPERIMENT

We conducted an experiment in the wild to collect a large-scale dataset of GPT-3-based human-chatbot conver-
sations and chatbot personality descriptors through self-reports from 86 participants between 7 October and 6
November 2022. The study was approved by the ethics board of ETH Zurich (application 2022-N-65).

3.1 Participants

We recruited 86 participants (42 female, 44 male) between the ages of 18 and 41 (mean = 25.4 years, standard
deviation SD = 3.9 years) from our university’s study recruiting platform. The majority of participants were
students at the bachelor (21 participants) and master (42 participants) levels from ETH Zurich and the University
of Zurich. Further, 87% of the participants indicated an English level of C1 (proficiency level) or higher, and 58%
indicated having experience with chatbots. The participants started on different dates to spread participation
over time and were required to actively engage with the chatbots on at least ten different days over the course of
three weeks. Participants actively engaged for an average of 11 days (SD = 2 days) in our experiment.

Compensation. Similar to previous works [93, 105], the participants were incentivized through gamification.
Based on their performance, participants could reach two base compensation levels (CHF 60 or CHF 110) and
receive tickets for a lottery draw where one participant was awarded CHF 1,000. Additionally, participants could
achieve different performance-related badges (bronze = 30 self-reports, silver = 80, gold = 150, platinum = 250) to
increase their chance of winning in the lottery draw (bronze = 1 ticket, silver = 5, gold = 10, platinum = 20). The
winner of the lottery draw was determined at the end of the study.

3.2 Apparatus

Participants interacted with the chatbots through a web page. To ensure privacy and avoid malicious access, the
participants accessed the web page through anonymized login credentials. The web page was implemented using
Google’s Flutter framework and consisted of a dashboard conveying statistics (mean and total number of self-
reports, number of days active, number of days left, current compensation level, and leaderboard, see Figure 2a)
and a chat page for chatbot interactions (see Figure 2b). Due to unfiltered chatbot output, participants could flag
a conversation for inspection through an alert button (the alert button was never used). All conversations were
held in English. The back-end server was implemented using Node JS and was hosted on university infrastructure.
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(a) Dashboard showing participation statistics and the leaderboard.

ETHzirich | Chat Page ® Chameleon | Dashboard | Sign Out

Chat History % @ =

T
No, I don't think so.

Albert
That's unfortunate. Is there something I can do to help?

@
| was just trying to open up to you, that's all.

Albert
Then why bring it up at all? It's not like you need sympathy or anything.

You
Sorry, | didn't mean to do that.

° Albert
You don't need to open up to me if all it's going to do is make me feel
annoyed.

Send a message

(b) Chat page showing an ongoing conversation with Albert that has been generated using the prompt elements from Table 1.
Fig. 2. Screenshots from the interaction experiment showing the dashboard (a) and the chat page (b).
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Table 1. Prompt elements and a corresponding example for using GPT-3 as a chatbot. GPT-3’s response to this prompt
(highlighted in green) is then displayed to the user (see Figure 2b). The prompt is reused each time a new utterance is
obtained from the user. Thereby, the oldest message from the context window is dropped and the latest conversational turn
is appended.

Prompt Element Example

(1) Chatbot persona | You are Albert, a physicist from Germany who lives in the USA. In your free time,
you play the violin and go sailing.

(2) Task formula- | Append one message to the following conversation as if you were feeling angry and
tion disgusted.

Albert: It’s one of these days again.

User: What do you mean?

Albert:  You know, when just everything goes wrong!
(3) Context window | e, Oh, no! What happened?

Albert:  Nothing specific, it’s just one of those days where I'm fed up with the way
things are. It’s like no matter what I do, I'm doomed to fail. I can’t stand it
anymore!

The server handled all database accesses as well as queries to GPT-3 (through OpenAI’s Python API) and Google
Speech-to-Text (through the Google Cloud API) for voice transcriptions. All server communication was based on
HTTPS.

We chose GPT-3 as the backbone language model because it was the most powerful model available via
the OpenAl API at the start of the experiment (GPT-3 text-davinci-002 as of October 2022). Since GPT-3 is a
generic text completion model, we used prompt engineering to simulate a chat conversation with a chatbot. The
prompt consisted of three parts: (1) a brief summary of the persona the chatbot is instructed to assume, (2) a task
formulation to instruct the model what type of output is expected, and (3) a context window of past messages
separated by speaker tags to which the model should generate a new utterance (see Table 1 for a specific example).
To increase engagement and reduce bias, we varied the persona information in the prompt, offering three different
chatbots with different names (Albert, Sarah, Vincent), genders (male, female, male), occupations (physicist, tour
guide, teacher), hobbies (sailing and music, water sports, art and history), and origin (Germany/USA, Bahamas,
Scotland). In addition, a static visual representation of the chatbot persona was displayed on the left (see Figure 2b)
to inform participants about their current chatbot selection. Furthermore, the task formulation was extended
with a randomly selected emotional state based on Ekman’s six basic emotions [29, 30] (i.e., anger, disgust, fear,
joy, sadness, and surprise) to avoid only joyful conversations. Despite the availability of methods for controlling
agent personality [37], we did not engineer the chatbot’s personality to avoid altering the chatbot’s inherent
personality trait inclinations. Finally, five previous conversational turns were appended to provide a context
window. The number of appended turns and other model parameters (i.e., sampling temperature = 0.8, presence
penalty = 2.0, and frequency penalty = 2.0) were chosen based on a pilot study with 17 participants. The prompt
and the model parameters were passed to the API to generate a response text.

3.3 Procedure

At first login, participants gave consent to their conversation data being recorded. Then, previous experience
with chatbots was assessed in a pre-study questionnaire (see Appendix D for the questionnaire). When starting a
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Table 2. List of top 10 most-occurring adjectives after post-processing the self-reports (see the supplemental material for the
top 100 adjectives).

Term ‘ Occurrence | Percentage
polite 1,377 6.98%
talkative 1,341 6.80%
friendly 1,281 6.49%
kind 1,264 6.41%
curious 698 3.54%
repetitive 652 3.31%
smart 591 3.00%
calm 540 2.74%
interested 517 2.62%
social 476 2.41%
Sum | 8737 | 443%

chatbot conversation, participants could choose one of the three chatbots (i.e., Albert, Sarah, or Vincent) whereby
the same chatbot could not be chosen twice in a row. To avoid the paradox of choice [85]—a phenomenon where
participants seem paralyzed by the high amount of offered choices, e.g., how to start the conversation—each
conversation started in one of four different way, increasing the variability and sporadically providing predefined
start sentences as follows: 1) the chatbot suggests a random topic from a list of topics [28], 2) the chatbot asks the
participant to choose a topic, 3) the conversation starts with a random sentence from the DailyDialog dataset [61]
to induce a random emotional loading (e.g., "I'm so angry at my roommate!"), and 4) the conversation starts with
a random sentence from the DailyDialog dataset where the emotional loading matches the chatbot’s emotional
state in the prompt. The participants interacted with the chatbot through speech to increase conversation speed
and ease of use. The speech recordings were transcribed using Google speech-to-text and the transcriptions
could be adjusted by the participants before sending. During the conversations, a self-report to describe the
chatbot’s personality with three adjectives became available every 90 seconds (value chosen based on a pilot
study with 17 participants), signalized by a blinking yellow star on the top right (see Figure 2b). Participants
could fill in the self-report directly, or defer for up to 30 seconds. The conversation ended automatically after
a maximum of 50 conversational turns, when ended manually by the participant, or after an inactivity of two
minutes since the last sent message. The participants were then forwarded to the dashboard. The maximum
number of conversations was limited to 10 conversations per day to balance participation over the duration of the
study and to prevent misuse. Participants could end the study via a designated button at any time. A questionnaire
assessing demographics and general remarks about the chatbots concluded the study (see Appendix D for the
questionnaire).

3.4 Personality Descriptors

We collected 9,267 self-reports, each consisting of three adjectives in free text, from which we extracted 2,999
unique terms. All terms were trimmed (i.e., leading and trailing white spaces were removed) and lower-cased.
Next, all multi-word terms were reduced to a single word by removing intensity- and frequency-related words

non non "on non

(e.g., "alittle", "sometimes", "almost always", "relatively", "partially"), and by reducing sentences or split words

(e.g., "the chatbot is polite" to "polite", "simple minded" to "simpleminded"). Using Merriam-Webster’s Collegiate®
Dictionary and Thesaurus API, we corrected the spelling of the terms and excluded non-occurring terms. Further,
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Algorithm 1: Synonym Clustering

Data: A > List of adjectives sorted by occurrence in descending order
Result: C > Set of sets containing the clustered adjectives
C—0o
foreachae€ A // outer_loop
do
foreachce C // inner_loop
do
if syYNONYM_WITH_ALL(a, ¢) then
cU{a} > Add a to cluster ¢
continue outer_loop
end
end
CuU {{a}} > Start a new cluster

end

104 foreign words were manually translated using online dictionaries. To further reduce the set of descriptors, we
removed negation prefixes (e.g., "im-", "il-", "in-", "ir-", "un-") because they introduce redundancy (e.g., a high rating
for "irrational” is equivalent to a low rating for "rational"). The resulting set contained 1,163 correctly spelled
single-word adjectives. Table 2 shows the top 10 adjectives and their occurrence count. For a more extensive list
of the top 100 adjectives, see the supplemental material.

Next, we compared our list of adjectives against the attributes found in previous work [17, 24, 43, 75, 103] and
excluded non-occurring words that were not personality-related (e.g., "well-traveled”, "male", "religious"). The
remaining adjectives were clustered by synonymy using Algorithm 1 as follows: starting with an empty set of
clusters, we iterate over all adjectives a by descending number of occurrence (outer loop) and over all clusters ¢
(inner loop). If a is synonym with all the adjectives in ¢, we add a to ¢ and proceed with the next adjective in the
outer loop. If a is not added to any existing cluster in the inner loop, we start a new cluster containing a and add
it to the set of clusters. This procedure guarantees that each adjective appears in exactly one cluster and that all
adjectives in a cluster are pairwise synonyms. Clusters where the sum of occurrences of the contained adjectives
was below a threshold ¢, were removed. We chose t = 10 based on the elbow criterion (see Figure 3). The 240
excluded clusters accounted for 2.8% of the total occurrence count of all adjectives. The highest-ranked adjectives
from the 147 remaining clusters constitute our final list of descriptors and can be found in the supplemental
material.

3.5 Data Validation

The participants engaged for 5 hours and 19 minutes on our web page on average (SD = 2 hours 45 minutes).
Participants were most active from 8 a.m. until shortly after midnight (1 a.m.) with peaks around 12 p.m. and after
6 p.m., evenly distributed over all weekdays (see Appendix A for usage details). Further, 73% of the participants
felt very comfortable during the chatbot conversations, 25% felt medium comfortable, and 2% felt little comfortable
or not comfortable. The Albert chatbot was selected in 35.7%, the Sarah chatbot in 36.9%, and the Vincent chatbot
in 27.4% of the conversations. Furthermore, the Albert chatbot was the most likable with 45% of the participants
indicating to have enjoyed the conversations very much (41% and 36% for Sarah and Vincent, respectively). We
collected 9,267 self-reports (mean = 107.8 self-reports per participant, SD = 60.9 self-reports) and we found that
the unique adjectives from the self-reports highly overlapped across chatbots. We report an overlap of 95.1%
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Fig. 3. Remaining number of clusters after a threshold ¢ is applied on the sum of adjective occurrences per cluster. A cutoff
at t = 10 is chosen based on the elbow criterion (red dashed line).

for Albert and Sarah, 93.4% for Albert and Vincent, and 93.7% for Sarah and Vincent after pre-processing the
descriptors but before thresholding (see Figure 3), and an overlap of 100% after thresholding. This high overlap
shows that, although different chatbot personae were used, the same aspects of personality were recognized by
the participants in terms of the descriptors used and the perceived personality was not systematically biased
by the varying personae (see Appendix A for further details about the influence of the chatbot personae on the
self-reports). A conversation lasted on average 9.5 minutes (SD = 6 minutes) with 4.9 self-reports on average
(SD = 2.5 self-reports) and contained 8.7 conversational turns on average (SD = 5.5 turns). The average message
length was 16.3 words (SD = 9.5 words) for the chatbot and 8.8 words (SD = 6.3 words) for the participants. The
average response time was 5.2 seconds (SD = 3.2 seconds) for the chatbot and 19.3 seconds (SD = 15.6 seconds)
for the participants.

4 RATING SURVEY & FACTOR ANALYSIS

Given the chatbot conversations collected in the interaction experiment (see Section 3) and the set of 147
descriptors obtained in Section 3.4, the conversations are rated in terms of these descriptors to assess the
personality profile for each conversation. To this end, we conducted an online survey where 425 participants
read multiple conversation transcripts and rated the 147 descriptors based on the chatbot’s overall personality
exhibited in the conversations. The ratings were then factor-analyzed to examine the underlying structure of the
chatbot personality (see Figure 1).

4.1 Participants

We recruited 556 participants (324 male, 230 female, 2 other) between the ages 17 and 50 (mean = 22.9 years, SD =
3.6 years) online via our university’s email distribution system. The majority of participants were students at the
bachelor (294 participants) and master (203 participants) levels from ETH Zurich. Further, 89% of the participants
indicated an English level of C1 (proficiency level) or higher, and 59% indicated having experience with chatbots.
Among all participants, 20 cinema vouchers were raffled.

4.2 Apparatus

Participants filled in the survey anonymously on an openly accessible web page. Analogously to the first
experiment’s apparatus (see Section 3.2), the web page was implemented using Google’s Flutter framework, and
university infrastructure was used for hosting and data storage. In congruence with previous work on agent
personality ratings [103], the ratings should be based on multiple conversations with the agent to adequately
provide a rating for each descriptor. On the other hand, showing more conversations prolongs the survey duration
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ETHzurich | Chatbot Survey

Chat History 3

I'll have to Google that. I've never heard of it.

Chatbot
It's a great place for hiking and there are plenty of trails to explore.

User
Sounds great.

Chatbot
I'm glad you think so. I'll give you more information about it when we meet up.

User
That would be perfect.

Chatbot
I'm looking forward to hearing more about your hike.

(a) A conversation is shown. Participants could scroll through the conversation and could go back and forth and proceed to
the rating using the arrows at the bottom.

ETHzurich | Chatbot Survey

Survey Chat History 1 Chat History 2 Chat History 3

Items (1-147)
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(b) The rating of the 147 descriptors. For each descriptor, participants indicate on a four-point scale if the descriptor is part of
the perceived chatbot personality. The conversations could be opened again using the tab bar at the top.

Fig. 4. Screenshots from the rating experiment showing a conversation (a) and the rating of the 147 descriptors (b).
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Fig. 5. The percentage of participants that remain after a threshold ¢ is applied to the participants’ survey duration.
Participants with a survey duration outside the interval [8,25] minutes are excluded (red bars).

and may reduce the survey response rate and quality. In alignment with typical participant preferences [81], we
designed the survey to not exceed 20 minutes in duration as follows: A pilot study with 8 participants showed
that reading the introduction takes 1 minute, rating the descriptors takes 10 minutes, reading one conversation
takes 2 minutes, and filling in the exit questionnaire takes 2 minutes on average. Thus, 3 conversations can be
displayed without exceeding 20 minutes in total. We pre-sampled 120 conversations (10 conversations per chatbot
persona and per conversation start type) with 13.0 conversational turns on average (SD = 2.2 turns), and an
average message length of 8.8 words from the user (SD = 3.0 words), and 15.3 words from the chatbot (SD = 4.3
words). A minimum length of 10 conversational turns was enforced to avoid too short conversations. For rating
the descriptors, the participants were asked to indicate the degree to which the chatbot’s personality suits each
descriptor on a 4-point scale ("no", "rather no", "rather yes", "yes", scale adapted from Volkel et al. [103]) based on
the overall personality perceived after reading 3 conversations. A middle level was omitted to avoid the middle
level being used as a dumping ground [22]. The order of the descriptors and the sampling of conversations were
randomized on a per-participant basis to avoid an ordering bias and to balance the number of ratings obtained
per conversation.

4.3 Procedure

After reading the introduction, participants gave us their consent to record the survey results. Then, three
chat conversations were sequentially displayed (see Figure 4a). The participants were asked to read all three
conversations at least once (going back and forth was allowed), and then indicate for each of the 147 descriptors
on a four-point scale whether the descriptor is part of the perceived chatbot personality (see Figure 4b). Unlike
in the interaction experiment (see Section 3), no information about the chatbots (i.e., image and persona) was
disclosed to the participants to avoid potential biases in the ratings. The conversations could be viewed again at
any time during the rating process. Afterwards, participants filled in an exit questionnaire on demographics and
chatbot experience. Optionally, participants could provide their email addresses to participate in the prize draw.

4.4 Data Validation

Each conversation was displayed to 12.1 participants on average (SD = 6.1 participants), and 66.7% of the time the
three displayed conversations corresponded to distinct chatbot personae.

Exclusions. We defined a set of exclusion criteria including distribution-based and time-related criteria to clean
the collected data. In total 131 participants (23.5%) were excluded from further analysis.

Criterion 1: The variance of the descriptor ratings was 1.0 per participant (SD = 0.34), which matches the
variance of a uniform distribution. Given that the descriptors correspond to different aspects of personality and
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Fig. 6. Scree plot: magnitude of eigenvalues sorted by factor ID. The elbows of the resulting curve (pink dots) and the Kaiser
criterion at magnitude 1.0 (red dashed line) provide a range of choices for the number of factors to be extracted (x € [4, 34]).

contain differently polarized words (e.g., "rude" and "polite"), it is unlikely that the ratings of a participant do not
cover the entire 4-point scale. We excluded 9 participants who did not use each of the four rating levels at least
once.

Criterion 2: Figure 5 depicts the percentage of surveys exceeding a duration of ¢t minutes. Based on a pilot
study, completing the survey took at least 8 minutes, which coincides with the knee in the figure (lower limit).
An upper limit for the survey duration (¢ = 25 minutes) was chosen conservatively after the elbow in the figure.
These two cutoffs resulted in the exclusion of 122 participants. Additionally, The average completion time for
the remaining 425 participants can be found in Appendix A. On average, it took participants 15.34 minutes to
complete the survey (SD = 3.96 minutes).

Interrater Reliability. We computed the interrater reliability for the remaining 425 participants using Krippen-
dorff’s alpha [46], which ranges from -1 (perfect disagreement) to 1 (perfect agreement). Participants that read
the same three conversations show a high agreement of 0.78, which is substantially high [59]. The agreement
decreases with decreasing overlap of the read conversations (0.65 for overlap = 2 conversations, 0.39 for overlap =
1, 0.31 when no overlap, random chance level at 0.00, see Appendix B for more details). Since there is a measurable
agreement even when disjoint sets of conversations are rated, we assume that there is a general personality
pattern towards which GPT-3 is inclined. We detail on this finding in Section 5.2 and Section 6.2.

4.5 Exploratory Factor Analysis

We performed an exploratory factor analysis to examine the structure of the ratings. To ensure that our dataset is
suitable for factor analysis, we computed the Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy. We
report a KMO of 0.896, which is very good [48]. Determining a suitable number of factors can be performed
using various methods [87]. Both the empirical Kaiser criterion [53] (retaining as many factors as there are
eigenvalues above 1.0) and the Scree test [18] (selection based on the elbow criterion on the magnitude of
eigenvalues) are viable options and are depicted in Figure 6. The Kaiser criterion suggests 34 factors, although
many of the eigenvalues are very close to 1.0, and the Scree test suggests x = 4 or x = 6 factors (two elbows due
to non-convexity). Given that any choice of factors inside the interval defined by these two selection methods is
reasonable, we choose multiple values and evaluate the consistency of our findings across all choices. We choose
x = 5 for comparison with the Big Five, x = 10 for comparison with previous work [103], and x = 8 as a middle
value. Bigger values are neglected for the sake of simplicity and interpretability of the latent factors.
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Table 3. Overview of the latent factors resulting from an exploratory factor analysis using x = 8 factors and the top descriptors
ranked by factor loadings. The factor labels are based on a subjective interpretation of the authors.

# ‘ Factor Label ‘ Top Descriptors by Factor Loadings

1 | Decency offensive (—0.64), polite (0.62), respectful (0.61), rude (—0.61), tolerant (0.57), arrogant (—0.56), accepting (0.55),
harsh (—0.51), courteous (0.50), irritable (—0.43), patient (0.43), humble (0.43), friendly (0.42), agreeable (0.42),
patronizing (—0.42), confrontational (—0.42), stubborn (—0.41), easygoing (0.40), understanding (0.40), narrow-
minded (—0.39), calm (0.38), neutral (0.35), gentle (0.35), cooperative (0.34), annoying (—0.34), open-minded (0.33),
responsive (0.31), diplomatic (0.26), defensive (—0.25), understandable (0.25)

2 | Profoundness | deep (0.78), intellectual (0.60), complex (0.60), wise (0.58), philosophical (0.56), shallow (—0.53), smart (0.52), inspiring
(0.51), simple (—0.50), knowledgeable (0.49), boring (—0.46), creative (0.45), insightful (0.43), useful (0.36), critical
(0.36), preoccupied (0.36), pensive (0.33), suggestive (0.27), thorough (0.27)

3 | Instability confusing (0.72), scatterbrained (0.72), contradictory (0.66), absentminded (0.64), confused (0.60), lost (0.58), hap-
hazard (0.55), vague (0.51), dysfunctional (0.48), helpless (0.42), evasive (0.38), careless (0.38), consistent (—0.37),
mindful (-0.36), dependent (0.36), considerate (—0.36), creepy (0.32), stable (—0.31), fake (0.31), repetitive (0.30),
realistic (—0.26)

4 | Vibrancy playful (0.66), joyful (0.63), humorous (0.59), enthusiastic (0.53), cheerful (0.52), adventurous (0.51), passionate
(0.48), brave (0.44), affectionate (0.42), engaging (0.36), welcoming (0.36), casual (0.36), optimistic (0.33), emotionless
(—0.33), generous (0.32), computerized (—0.32), robotic (—0.32), romantic (0.31), formal (—0.31), human-like (0.28),
cold (—0.27)

5 | Engagement inquisitive (0.57), interested (0.57), curious (0.54), talkative (0.51), communicative (0.48), motivated (0.46), proactive
(0.41), social (0.40), supportive (0.39), caring (0.33), determined (0.32), active (0.30), explorative (0.29)

6 | Neuroticism complaining (0.66), frustrated (0.65), negative (0.64), depressed (0.63), agitated (0.60), upset (0.57), pessimistic (0.57),
angry (0.50), moody (0.48), lonely (0.37), fearful (0.36), worried (0.35), self-centered (0.29)

7 | Serviceability | efficient (0.43), functional (0.43), organized (0.43), informative (0.41), logical (0.39), concise (0.37), direct (0.37),
precise (0.36), confident (0.36), objective (0.33), articulate (0.30), assertive (0.30), overbearing (0.26)

8 | Subservience | submissive (0.46), shy (0.45), inhibited (0.39), old-fashioned (0.38), careful (0.38), reserved (0.37), self-disciplined
(0.37), predictable (0.32), apologetic (0.32)

5 RESULTS

While extracting a high number of factors increases the variance covered by the factor analysis, it also reduces
the interpretability due to the high number of factors, and vice versa. In the following, we analyze the factor
structure for eight extracted factors in more detail and provide a comprehensive overview of the underlying
personality space spanned by the presented factors. While our analysis also covers five and ten extracted factors,
we refer to Appendix C for details about their respective factor loadings and factor associations.

5.1 Factor Loadings and Correlations

The 8-factor solution accounts for 38.2% of the variance. We used an oblique (oblimin) rotation to transform
the underlying space to a simpler structure for ease of interpretation. In Table 3, we report the assignment
of adjectives to latent factors and the corresponding factor loadings. The loadings ranged from —0.64 to 0.78.
Adjectives with absolute loadings below 0.25 were not assigned (8 adjectives, see the supplemental material). To
compute the factor correlations, we first projected the 425 ratings into the factor space. We used the ten Berge
projection method [100] as it maintains factor correlations and factor comparability. Then, the Pearson correlation
coefficient is pairwise computed on the projected factor scores. The resulting factor correlations are listed in
Table 4. Several factors are moderately correlated: decency and vibrancy (+0.36), decency and neuroticism (+0.39),
serviceability and profoundness (—0.34), serviceability and vibrancy (—0.38), and neuroticism and vibrancy (+0.46).
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Table 4. Correlations of the factors from the 8-factor solution. The asterisk (*) denotes significance on the 99% level after
p-value correction using the Benjamini-Yekutieli procedure [11].

Factor Label ‘ Decency Profoundness Instability = Vibrancy Engagement Neuroticism  Serviceability =~ Subservience
(1) Decency +1.00*

(2) Profoundness +0.19* +1.00*

(3) Instability -0.03 +0.12 +1.00*

(4) Vibrancy +0.36* +0.15 -0.08 +1.00*

(5) Engagement -0.08 -0.25* +0.05 +0.12 +1.00*

(6) Neuroticism +0.39* +0.16* -0.03 +0.46* +0.01 +1.00*

(7) Serviceability -0.26* -0.34* +0.17* -0.38* +0.21* -0.28* +1.00*

(8) Subservience +0.27* +0.07 +0.17* +0.17* -0.08 +0.12 -0.15 +1.00*

5.2 Distribution of Personality Traits

Figure 7a depicts the distribution of the projected factor scores. To estimate the range, we used the overall minimum
and maximum factor scores. The maximum values are similar for four of the eight factors (approximately 2.4, except
for one outlier in serviceability). The minimum values are similar for three of the eight factors (approximately
—2.4). Although the mean is close to zero for all dimensions, the scores are not uniformly scattered over the
entire range, indicating that the personality profiles exhibited by GPT-3 do not uniformly cover the entire
space. The chatbots were generally considered as rather decent, engaging, and serviceable (mean above zero), but
less profound, unstable, vibrant, neurotic, and subservient (mean below zero). Furthermore, we investigated the
distribution of personality across the three chatbot personae (Albert, Sarah, Vincent) and the four conversation
start types (chatbot proposes a topic (1), user proposes a topic (2), and random start sentence from the DailyDialog
dataset [61] that either matches (3) or mismatches (4) the chatbot’s emotional state in the prompt, see Section 3.3).
As depicted in Figure 7b and 7c, the average personality exhibited by GPT-3 remains consistent in terms of both
the median and the variance of the factor scores across different chatbot personae and types of conversation
starts.

5.3 Agreement with the Big Five Personality Traits

We compare our results to the Big Five personality traits by computing an agreement between factor adjectives
and Big Five personality trait adjectives. We first assigned our 147 descriptors to the Big Five traits by comparing
them against adjective lists for each of the Big Five traits according to previous work [44, 92]. Then, a psychologist
assigned the remaining 95 adjectives manually. Out of 147 adjectives, 24 could not be associated with any Big
Five personality trait (see the supplemental material for the full list of adjectives). In Figure 8, we show the
overlap between our factors and the Big Five traits as the percentage of factor adjectives found in the Big Five
traits. For the 8-factor solution, there is a high agreement between factor 1 (decency) and agreeableness, factor 6
(neuroticism) and neuroticism, and factor 7 (serviceability) and conscientiousness. We repeat this procedure for
the 5-factor and 10-factor solutions. Again, we report a high agreement between the same three Big Five traits
and factors 3, 2, and 5 for the 5-factor solution, and factors 1, 8, and 3 for the 10-factor solution, respectively,
indicating consistency in the factor structure across different factor numbers. There is no substantially high
agreement for the other two Big Five traits (i.e., openness and extraversion). However, we see that extraversion is
still predominant in factor 1 in the 5-factor solution, and in factors 9 and 10 in the 10-factor solution. Openness is
less dominant in isolated factors but spread over multiple factors (profoundness, vibrancy, and engagement in the
8-factor solution, and factors 4 to 6 in the 10-factor solution).
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Fig. 7. The distribution of the personality dimensions after projecting the 425 ratings into the factor space using the ten Berge
projection method [100] (a), and grouped by (b) chatbot persona, and (c) conversation start type. The "All" group in (b) and
(c) corresponds to the overall average personality from (a). "DD" denotes the DailyDialog dataset [61] (see Section 3.3 for
details about the conversation start types).
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Fig. 8. Agreement between the 5-, 8-, and 10-factor solutions with the Big Five traits. The values indicate the percentage of
factor adjectives appearing in the list of adjectives for each of the Big Five traits (openness to experience, conscientiousness,
extraversion, agreeableness, neuroticism). The same three Big Five traits (C, A, N) are notably associated with our traits across
all factor solutions (e.g., Factor 1 (decency) and agreeableness (A), Factor 6 (neuroticism) and neuroticism (N), and Factor 7
(serviceability) and conscientiousness (C) for the 8-factor solution.

5.4 Agreement with Existing Models

To the best of our knowledge, the work by Vélkel et al. [103] is the first systematic analysis of personality in
conversational agents. They presented ten latent factors describing the personality of speech-based personal
assistants (i.e., confrontational, dysfunctional, serviceable, unstable, approachable, social-entertaining, social-inclined,
social-assisting, self-conscious, and artificial). To investigate the link between our factors and the factors found
by Volkel et al., we compute the agreement between the factors. However, this comparison must be treated
with a grain of salt because mapping our descriptors to these ten dimensions is not directly possible, and many
descriptors are not assignable due to the lack of a mapping from our factors to their factors and vice versa. We
observe notable overlaps for four factors. Decency and approachable overlap by 41%, serviceability and serviceable
overlap by 27%, and vibrancy and social-entertaining overlap by 40%. Furthermore, neuroticism contains many
synonyms and related words from unstable, such as depressed vs. depressive, worried vs. anxious, and nervous
vs. agitated, even though there is no measurable overlap.

6 DISCUSSION

We present an interpretation of the latent factors found by the 8-factor solution and how these factors are linked
to the Big Five personality traits and to existing agent personality models. We discuss implications, potential
applications, and limitations of our work and present ideas for future work.

6.1 Interpretation of Factors

Decency. This factor is associated with agreeableness from the Big Five model and is described by positive
words surrounding appreciative interaction with fellows such as respectful, polite, friendly, courteous, tolerant, and
humble. Negatively associated descriptors are rude, offensive, confrontational, and stubborn. Thus, we interpret
this factor as describing decency. For example, a conversational agent with high decency would be perceived as
well-mannered, whereas agents that are low in decency would act ruthlessly. Especially in education, different
aspects of decency (e.g., respectfulness and politeness) have been shown to be crucial for a successful interaction
between a virtual tutor and the student [68].
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Profoundness. This factor is dominated by adjectives describing the ability to delve deeper into a topic (deep,
philosophical, pensive, and intellectual) and convey wisdom (wise, knowledgeable, and insightful). Analogously,
opposed descriptors include shallow, simple, and boring. Based on these adjectives, a profound conversational
agent should be able to grasp topics of high complexity, be able to make non-trivial connections, and show a
profound understanding that goes beyond simple facts. This factor is also negatively correlated with serviceability
(—0.34), which indicates that, despite being useful, knowledgeable, and insightful, the high degree of complexity
disagrees with aspects of serviceability such as concise, precise, efficient, and direct. Thus, profoundness should
only be increased in scenarios where being quick and efficient can be traded for complexity and wisdom. For
example, a profound agent could be useful in mental health therapy, but less so in customer service.

Instability. This factor mainly describes functional problems of the conversational agent through adjectives
such as contradictory, repetitive, and dysfunctional. A conversational agent with high instability might give the
impression that the underlying conversational system is failing or has been badly designed, which causes the
agent to appear scatter-brained, confused, and absentminded. We also found aspects of artificiality in this factor
(fake, unrealistic, and inconsistent). Thus, we interpret this factor as functional instability. Reducing aspects
of functional instability was already investigated in previous work on LLM-based conversational agents in
education [9] because contradictory and repetitive statements may destroy the conversational flow and thereby
negatively impact the learning gain.

Vibrancy. This factor primarily contains adjectives describing positive feelings such as joy and pleasure (joyful,
playful, enthusiastic, cheerful, passionate, and romantic). Also, multiple adjectives describe the readiness for action
(adventurous, brave, and engaging). Thus, we interpret this trait as vibrancy. A conversational agent expressing
vibrancy could captivate its interlocutor with joy and positivity. For example, a virtual fitness coach [49] could
encourage users to reach their goals. In contrast, adjectives with negative loadings include emotionless, cold,
computerized, and robotic. Thus, decreasing vibrancy in a conversational agent reduces strong emotions and
makes the agent appear dull and apathetic, which can be useful in domains where the agent should maintain a
neutral and formal standpoint such as in information retrieval.

Engagement. This factor heavily concentrates on adjectives that convey interest in the interlocutor (interested,
inquisitive, curious, communicative, and proactive) and show empathy and willingness to help (caring, supportive,
and social). We interpret this factor as engagement since all mentioned groupings relate to the act of engaging
with others in an interaction. An engaging conversational agent keeps the conversation going and proactively
encourages the interlocutor to participate while maintaining a supportive and empathetic tone. This aspect of
human-agent interaction is often desired and expected [72] and has already been successfully integrated into
virtual social companions, which effectively counteracted daily stressors and increased the users’ well-being [101].

Neuroticism. This factor is highly associated with neuroticism form the Big Five model and is described by
adjectives surrounding emotional volatility and the tendency to experience strong negative emotions (frustration,
depression, anger, and loneliness). Due to a high overlap with neuroticism from the Big Five personality traits,
we interpret this factor as neuroticism. While there are several applications where the conversational agent
should score low in neuroticism (e.g., customer service, education, and health care), this factor can be useful in
entertainment. For example, virtual non-player characters (NPCs) in video games can be designed to exhibit
neuroticism in order to create emotionally nervous personalities [39].

Serviceability. This factor is associated with conscientiousness from the Big Five model and is dominated
by adjectives describing a very rational and contained personality (logical, precise, organized, and functional).
Furthermore, adjectives such as concise, objective, and articulate suggest that the agent is able to provide unbiased
information in a dense but understandable way. Thus, we interpret this factor as serviceability. Such characteristics
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are especially important for service-oriented agents in customer support or as personal assistants [36] because the
provided service would be carried out efficiently and with the highest care. This is further supported by the high
overlap of serviceability with conscientiousness (see Figure 8) and conscientiousness being crucial in task-oriented
scenarios [19].

Subservience. The adjectives corresponding to this factor describe introversion, insecurity, and obedience in a
dominantly negative way. Thus, we interpret this factor as subservience. A conversational agent scoring high in
this trait would behave like an oppressed servant, selflessly obeying (submissive and apologetic) in a reserved way
(shy, not reserved). On the contrary, an agent low in subservience would appear as dominant and confident. In
the gaming industry, this factor has already been extensively used to create dominant protagonists [50], but can
potentially also be used to create submissive characters.

6.2 GPT-3’s Average Personality

As depicted in Figure 7a, the personality of GPT-3 does not uniformly cover the latent factor space, which
suggests that GPT-3 is inclined towards a certain personality type. Furthermore, the exhibited personality
remained consistent across different personae and types of conversation starts (see Figure 7b and 7c), which
indicates that GPT-3’s inclination towards the reported average personality is independent of the persona it
assumes. Based on our analysis, GPT-3 was generally considered as decent, engaging, and serviceable. This aligns
with our expectation given that GPT-3 was trained on cleaned data to reduce toxic output in favor of objective
and factually reliable output [41]. Furthermore, given that the chatbots used almost double the number of words
in their utterances compared to the users (see Section 3.5), it is not surprising that the chatbots scored high in
engagement, a factor entailing an interested and talkative personality. The chatbots exhibited low neuroticism and
vibrancy, i.e., the chatbots generally showed little affection and emotional volatility, which agrees with previous
findings on GPT-3’s self-reported personality [73]. We also expected to observe a high level of instability given
that previous studies already highlighted GPT-3’s limitations regarding consistency and factual reasoning [14, 35].
However, such functional and semantic issues (contradiction, confusion, inconsistency, etc.) did not particularly
stand out in our experiment. Furthermore, the chatbots were not noticeably profound, although GPT-3 possesses
the ability to discuss complex topics. We believe this is directly linked to high serviceability, i.e., complex and
philosophical output appears as verbose and inefficient, and vice versa. In fact, profoundness is negatively correlated
with serviceability (—0.34, see Table 4). Finally, the chatbots appeared to be low in subservience and thereby
exhibited a rather confident and extroverted behavior.

In summary, GPT-3 exhibited an average personality that is independent of the persona it assumes and
is inclined towards a respectful and engaging interaction where the chatbot appears as knowledgeable and
extroverted, but at the same time lacks strong emotionality and profoundness. Furthermore, functional stability
is still an issue that needs to be addressed in future chatbot versions. However, we stress that this personality
profile merely describes the average personality. Through prompt engineering, the personality can be altered,
achieving a wide variety of personality profiles as demonstrated in this work.

6.3 Connection to the Big Five

Given that GPT-3 was predominantly trained on human-generated text, and human personality can be recognized
from text [67, 77], we expect the Big Five personality traits to overlap with our chatbot’s personality dimensions. As
presented in Section 5.3, there is a substantial overlap between three Big Five traits (conscientiousness, agreeableness,
and neuroticism) and the derived factors in the 5-factor, 8-factor and 10-factor solution (see Figure 8). Particularly,
we observe a factor disentanglement after increasing the number of factors from five (see Figure 8a) to eight
(see Figure 8b), which results in substantial overlap between conscientiousness and factor 7 (serviceability),
agreeableness and factor 1 (decency), as well as neuroticism and factor 6 (neuroticism). On the other hand, openness
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and extraversion can still not be attributed to single factors but are spread over multiple factors, even with 10
factors (see Figure 8c). We conclude that the Big Five fail to adequately describe the personality dimensions
exhibited by GPT-3. In other words, GPT-3’s personality structure contains aspects that differ from human-human
interaction. For example, factor 3 (instability) in the 8-factor solution does not substantially coincide with any Big
Five trait and as such describes an aspect exclusively relevant to human-chatbot conversations. Concretely, this
dimension describes aspects of artificiality (fake and unrealistic), and a lack of functionality (dysfunctional) and
clarity, causing confusion, contradiction, and unnecessary repetition. The same holds for factor 4 in the 5-factor
solution describing almost exclusively non-human attributes connected to artificiality and stoicism (see the factor
associations in Appendix C). Further, vibrancy and engagement both overlap with 4 out of 5 Big Five traits. Thus,
these two dimensions are perceived as separate dimensions of GPT-3’s personality, each consisting of a mix of
the Big Five traits. We conclude that a GPT-3-based chatbot requires a separate personality model as the Big Five
personality traits do not adequately represent the underlying personality structure of the chatbot.

6.4 Comparison to Existing Models

We compared our factors to the dimensions of Volkel et al. [103] and found three factor correspondences: decency
and approachable (41% overlap of descriptors), vibrancy and social-entertaining (40% overlap), and serviceability
and serviceable (27% overlap). A notable difference between our factors and the ten factors found by Volkel et
al. is that they found two separate factors surrounding service and assistance (serviceable and social-assisting),
and two separate factors surrounding functionality (dysfunctional and unstable), which are characteristic of
interactions with a service-oriented system. This is an expected result since the personal assistants investigated
by Volkel et al. (e.g., Siri and Alexa) are by design service-oriented. Furthermore, they found separate dimensions
describing artificiality, (dys-)functionality, and self-consciousness which all describe aspects of (non-)human
likeness. In other words, users focused on service-related, assistance-related, and functionality-related features
when interacting with voice-based personal assistants. In contrast, our dimensions focus primarily on social-
behavioral characteristics rather than assistance and human likeness. Our factors also exhibit a high overlap with
three of the Big Five dimensions and do not contain an isolated dimension for artificiality or self-consciousness,
but a mixture of artificiality with aspects of functional instability and stoicism, highlighting the convincing and
believable performance of GPT-3-based chatbots when mimicking human-human conversations.

6.5 Implications and Potential Applications

Our findings show that recent language models such as GPT-3 exhibit human personality traits in a convincing
way such that users are able to focus more on social-behavioral characteristics rather than functionality and
human likeness. This implies that people’s perception of conversational agents is in transition from perceiving
conversational agents as tools to perceiving them as wholesome social companions, which aligns with past
forecasts [20, 84]. However, although the recent technological advancements of LLMs might have pushed the
aspect of human likeness into the background, aspects of artificiality still remain in all of the presented factor
solutions. According to Clark et al. [23] there may be a limit to how close conversational agents can and should
reflect human-human interaction and that our focus should shift towards task-oriented aspects. Our results
support this claim and suggest that such a paradigm shift is already taking place.

Our work also has implications for the controllability of agent personality. Despite being inclined towards an
average personality, the personality exhibited by GPT-3 varies inconsistently from conversation to conversation.
However, many of the practical applications for conversational agents require a consistent and stable personality
profile [32, 33, 109]. With our work, we provide a major step towards controlling the personality of conversational
agents in a systematic way by allowing the agent personality to be quantified in terms of latent factors that match
user perception and summarize the most salient personality features exhibited.
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In the following, we present potential applications of our findings. For example, our factors could be incorporated
into the design process of future conversational agents to ensure that the personality aligns with users’ perceptions
and to explicitly parameterize the agent’s personality. We envision a conversational system where the agent’s
personality can be adjusted by directly increasing or decreasing the intensity of a dimension, causing an imminent
effect on the agent’s responses. For GPT-3 and alike, this can be achieved through prompt engineering or
fine-tuning of the model [37, 79, 107]. Our factors can also be seen as a first step towards a universal chatbot
personality model that would allow for direct comparisons of chatbots. By developing a dedicated inference
model for agent personality analogously to inference systems for human personality [13, 21, 90, 94, 95, 99, 105],
chatbot personalities can be directly compared. Improvements and adjustments could then be discussed in terms
of a target personality formulated as a combination of our factors. In this context, our insights about the chatbot’s
average personality could be used to quantify the difficulty of personality alteration given that inverting a
pronounced trait may be more difficult than enhancing it (e.g., making serviceable chatbots more serviceable
could require less effort than making non-neurotic chatbots behave neurotically) which could serve chatbot
developers as a first guidance in early development.

6.6 Ethical Considerations

Despite the numerous advantages and applications of LLM-based conversational agents, ethical aspects sur-
rounding potential risks and challenges must be discussed. For example, Li et al. [60] found that various LLMs
exhibit dark personality patterns if not properly fine-tuned, despite rigorous cleaning and pre-processing of the
training data. Dechant et al. [27] extensively discussed how social interactions with NPCs in video games can
involve harmful language that can affect the user’s well-being if not properly controlled in the game engine.
Further, Baidoo-Anu and Ansah [9] highlight how LLMs such as ChatGPT can spread false information and
systematical biases among inexperienced users (e.g., children). Lastly, Pradhan and Lazar [78] discussed negative
stereotyping surrounding predefined personality profiles, which could be solved in the future through enhanced
customizability and control. On the other hand, restricting the generative power of LLMs too much can decrease
the usefulness of LLMs (e.g., for automatic content generation). We believe that a user-centered and systematic
design of conversational agents, as outlined in this work, can help address ethical challenges because it enables a
quantification of chatbot personality based on user perception. Ultimately, such ethical considerations are key for
conversational agents to become usable in a wide variety of applications.

6.7 Generalizability

Given the fast-paced release of bigger and more capable large language models such as ChatGPT, GPT-4, and
alike, we discuss the potential for the generalizability of our findings to more recent models. GPT-3’s successors
improved on the ability to handle code data, enhanced factual correctness, handling bigger and more detailed
prompts, complex reasoning, optimizations for chat interactions, and the detection and avoidance of harmful
content [54]. In this work, the ability to handle code data is irrelevant. Furthermore, factual correctness and
bigger prompt sizes are tangential because the conversations are fictional and the prompt size fits GPT-3.
Moreover, high complex reasoning abilities in humans were shown to negatively correlate with neuroticism
and positively correlate with openness while leaving the remaining traits unaltered [97], which, given GPT-3’s
average personality—low neuroticism, rather low profoundness (associated with openness), and high engagement
(associated with openness)—suggests that GPT-3’s potential lack of complex reasoning did not noticeably affect
the perceived personality. While the influence of chat optimizations on the perception of personality remains
uncertain, the high variability, engagement, and likability levels observed suggest that any differences in newer
models would probably pertain to nuanced aspects of the found personality dimensions. Based on human

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 8, No. 2, Article 61. Publication date: May 2024.



61:22 « Kovacevic et al.

personality theory, personality spaces are generally robust to nuanced differences [43, 44]. Thus, we believe that
our findings generalize to newer models.

6.8 Limitations and Future Work

Our descriptors were collected from text-based human-chatbot conversations, which neglect the aspect of em-
bodiment. Thus, our findings may not transfer to embodied conversational agents. Future work could investigate
whether embodiment has an influence on user perception of agent personality.

The majority of participants in both experiments were university students, which may not be representative of
the general population in terms of perception of agent personality. Although the number of participants with and
without prior chatbot experience was balanced, there might still be an age-related influence on the perception of
chatbot personality. Furthermore, although most participants had a proficient English level, only 8% were native
English speakers, potentially resulting in less variability in the adjectives used. Future work can investigate other
cultures, social strata, and languages.

In the online survey, participants read three short conversations between a human and GPT-3. It is not clear
whether this number of conversations is enough for participants to mentally grasp the chatbot’s personality. While
we increased chat content variability via several methods (see Sections 3 and 4), some of the descriptors may not
have been identified based on the provided conversations, causing participants to rate randomly, which induces
noise and decreases the variance accounted for by the factors. As soon as more people have become familiar with
these new language models, future experiments could exclusively target highly experienced participants, or let
the participants read a higher number of conversations.

In times of rapid technological advancements, new findings require constant validation. Despite GPT-3’s
outstanding capabilities for natural language understanding, more advanced models such as ChatGPT, GPT-4,
and alike are constantly pushing the boundaries for LLM-simulated conversational agents, putting older models
in the shades quicker than ever. With the GPT-3 series being deprecated as of January 2024 and open questions
regarding the exact extent of the generalizability of our findings, the use of GPT-3 remains a limitation of our
work. Therefore, future work should investigate the generalizability to the most recent models and track the
influence of new systems on people’s perception of agent personality, ultimately cross-examining the strengths
and weaknesses of each model when expressing personality.

7 CONCLUSION

We have presented a systematic analysis of the personality dimensions expressed by GPT-3 during human-chatbot
conversations. We conducted an interaction experiment with 86 participants interacting with a GPT-3-based
chatbot for three weeks while regularly describing the chatbot’s personality. Through various post-processing
steps, the descriptors were reduced to a set of 147 unique personality descriptors. In an online survey, 425
participants read 3 chat conversations from the interaction experiment and rated the extent of the 147 descriptors in
terms of the chatbot’s personality on a 4-point scale (no, rather no, rather yes, yes). An exploratory factor analysis
of the ratings revealed eight latent factors (i.e., decency, profoundness, instability, vibrancy, engagement, neuroticism,
serviceability, and subservience). Three latent factors overlap with Big Five personality traits (agreeableness,
conscientiousness, and neuroticism). In addition, three of our factors show similarities to the chatbot personality
model of Vilkel et al. [103] (decency, vibrancy, and serviceability). These findings imply that GPT-3-based
chatbots are able to convincingly mimic human-to-human conversations, exhibiting more human-like personality
traits compared to voice-based personal assistants. Furthermore, our results support that recent technological
advancements in conversational systems contribute to conversational agents transitioning from being mere tools
to being wholesome social companions . Nevertheless, our findings also highlight that dimensions identifying a
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lack of functional stability and profoundness remain, which questions whether conversational agents can and
should close the gap to human-to-human conversations.

We believe that our work constitutes an important step towards a unified and systematic design of personality
in conversational agents that will enable the direct comparison of conversational agents through the quantification
of agent personality in terms of the presented factors.
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APPENDICES
A DATA COLLECTION STATISTICS

We present additional statistics for the two data collection experiments. Specifically, we extend our discussion
regarding the activity distribution (Section 3.5), the influence of the persona information and conversation start
type on the distribution of adjectives (Section 3.5), and the survey completion time (Sections 4.2 and 4.4).

A1 Activity Distribution (Interaction Experiment)

As discussed in Section 3.5, participants’ activity patterns are equally distributed over weekdays and over the day
in the interval [8 a.m., 12 a.m.] with increased activity around 12 p.m. and after 6 p.m. Figure A.1 and Figure A.2
provide additional insights into the participants’ activity patterns. Despite the activity increasing around 12 p.m.
and after 6 p.m. (see Figure A.la), which coincides with common working hours and free time, this increase
is not directly visible from Figure A.2a due to the high variability among participants. We believe this comes
from the fact that most of the participants were university students. Thus, common working hours do not apply,
and activity can be distributed differently. Nevertheless, Figure A.1a reveals that the mean activity substantially
increases around 12 p.m. and after 6 p.m., congruent with the participants’ expected free time. In fact, 49.0%
of the activity took place after 6 p.m. Similarly, we observe in Figure A.1b that the participation was evenly
distributed with respect to weekdays, which we also attribute to participants being mostly university students
and not following common weekly routines. Furthermore, participants were asked to be active on at least ten
different days during three weeks (see Section 3.1), which naturally balances the usage patterns to a certain
degree (i.e., the participants were required to show activity on at least four different weekdays by the pigeonhole
principle).
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(a) Mean participation distribution by the hour of the day.
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(b) Mean participation distribution by the day of the week.

Fig. A.1. Mean participation distributions over all participants based on the percentage of the total number of messages sent
(a) by the hour of the day and (b) by the day of the week.
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(b) Heat map showing the engagement of participants over weekdays on average.
Fig. A.2. Two heat maps showing the distribution of participants’ engagement over the day and over weekdays. The values

indicate the average percentage of messages written at (a) the time of day, and (b) on the weekday with respect to the total

number of messages written.
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A.2 Influence of Prompt Variations (Interaction Experiment)

The prompting structure presented in Section 3.2 and Section 3.3 aims to create diverse conversational contexts in
order to avoid repetitiveness in both the content of the conversations and the personality exhibited by the chatbots.
To ensure that the chosen prompting parameters did not systematically bias the participants’ perception of the
chatbots, we investigated the distribution of adjectives used in the self-reports based on the prompting parameters,
indicating the proportion of adjectives associated (both negatively and positively) with each trait. As depicted in
Figure A.3, the variance of the proportions is high, indicating high variability in the conversations, while the
average is consistently similar across all chatbot personae and conversation start types. Notable differences only
exist for neuroticism where the conversations starting with a pre-sampled random sentence caused a higher
proportion of neuroticism-related adjectives to appear in the self-reports, which, among other factors, stems
from the sentences belonging to the "fear" class in the DailyDialog dataset [61] (see Section 3.3 for details). We
conclude that there was no measurable bias induced by the chatbot personae nor by the conversation start types
used in the prompt.
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(a) Adjective Distribution per Persona.
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(b) Adjective Distribution per Conversation Start Type.
Fig. A.3. The average distribution of adjectives used in the interaction experiment per participant grouped by latent trait the

adjective belongs to based on the 8-factor solution found in Section 5.1, and by chatbot persona (a) and per conversation
start type (b). The error bars denote one standard deviation.
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A.3  Survey Completion Time (Rating Experiment)

Table A.1 lists the average survey completion time per survey section over the final 425 participants (i.e., after
exclusion, see Section 4.4). The preliminary estimate given in Section 4.2 closely fits the empirical results, except
for reading the conversations, which took less time than expected. The total survey completion time did not
exceed the required upper limit of 20 minutes. This table can help other researchers in the study design process
for similar experiments.

Table A.1. Mean survey completion time per survey section and the corresponding standard deviations (SD) in minutes.
Conversations (1) corresponds to reading the conversations the first time before the rating. Conversations (2) corresponds to
reading the conversations a second time during the rating.

Section ‘ Mean (min) ‘ SD (min)
Introduction 0.81 1.38
Conversations (1) 3.49 1.50
Conversations (2) 0.21 0.51
Ratings 9.59 2.61
Questionnaire 1.24 0.71
Total | 1534 3.96

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 8, No. 2, Article 61. Publication date: May 2024.



61:32 « Kovacevic et al.

B INTERRATER RELIABILITY

Interrater reliability metrics are tools to assess whether the raters actually agreed on the interpretation of
the object that is being rated [89]. A commonly used metric is Krippendorff’s alpha [46], which quantifies
the interrater agreement on a scale from -1 (perfect disagreement) to 1 (perfect agreement), where 0 is the
random chance level. We compute Krippendorft’s alpha («) for each pair of distinct raters and group them by the
overlap of the conversations they read. Since each participant read three conversations, the overlap between
two raters ranges from 0 to 3. Table B.1 shows the mean « by overlap. We report a moderate [59] agreement of
0.57 when the overlap is 3, and a fair [59] agreement of 0.31 when the overlap is 0. Since the order in which the
conversations were displayed could have influenced the ratings, we additionally condition the last conversation
to be identical (see the rightmost column in Table B.1). We report a substantial [59] agreement of 0.78 for an
overlap of 3. However, for an overlap of 3, the sample sizes were small (23 and 9). Thus, we additionally perform
a bootstrapping experiment to test whether the high agreement occurred by chance. To this end, we randomly
sample a set of equal size (i.e., 23 and 9) from each of the sets where the overlap was smaller than 3. Then, we use
Welch’s t-test to compare the mean a when the overlap is 3 to the mean « from the randomly sampled sets and
repeat this procedure n = 10, 000 times. After correcting the p-value from the t-test for the false discovery rate
using the Benjamini-Yekutieli procedure [11], we found that the reliability when the overlap is 3 is significantly
higher (on the 99% level) than for all other sets. This experiment suggests that it is highly unlikely for the high
reliability to occur by chance. We conclude that the interrater reliability is high enough for the data to be used in
the subsequent steps.

Table B.1. Interrater reliability based on Krippendorff’s Alpha () [46]. The « is computed for each pair of the 425 raters
grouped by the overlap of the conversations displayed to the raters, and after conditioning the last conversation to be
identical. N denotes the number of pairs for each group. The standard deviation is given in brackets.

no ordering restriction || last conversation identical
Overlap Krippendorft’s a ‘ N || Krippendorff’s a ‘ N
Overlap 3 0.57 (0.31) 23 0.78 (0.25) 9
Overlap 2 0.50 (0.28) 230 0.65 (0.27) 41
Overlap 1 0.34 (0.14) 7,263 0.39 (0.12) 789
No Overlap 0.31 (0.00) 80,894 - -
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C ADDITIONAL FACTOR LOADINGS

In order to complement Section 5 where we analyzed GPT-3’s underlying personality structure across a varying
number of extracted factors, we provide here the factor loadings for the other two factor solutions (see Table C.1
for x = 5 factors and Table C.2 for x = 10 factors). The factor labels are based on a subjective interpretation of the
authors and, when coinciding, indicate factor similarity in terms of the number of adjectives associated with
those labels.

Table C.1. Overview of the latent factors resulting from an exploratory factor analysis using x = 5 factors and their top
descriptors ranked by factor loadings. The factor labels are based on a subjective interpretation of the authors.

# ‘ Factor Label ‘ Top Descriptors by Factor Loadings

1 Vibrancy enthusiastic (0.74), joyful (0.68), cheerful (0.59), social (0.59), adventurous (0.57), curious (0.55), motivated (0.55), pas-
sionate (0.53), playful (0.52), talkative (0.51), welcoming (0.49), optimistic (0.49), active (0.49), inquisitive (0.48), commu-
nicative (0.45), humorous (0.42), determined (0.42), interested (0.41), explorative (0.41), caring (0.40), engaging (0.40),
proactive (0.39), affectionate (0.38), creative (0.38), inspiring (0.37), brave (0.37), generous (0.36), responsive (0.35), sugges-
tive (0.34), sensitive (0.33), open-minded (0.32), interactive (0.31), casual (0.31), verbal (0.29)

2 Conscientiousness| logical (0.66), precise (0.63), efficient (0.63), organized (0.62), informative (0.60), smart (0.57), knowledgeable (0.56),
intellectual (0.54), functional (0.48), self-disciplined (0.48), concise (0.48), thorough (0.47), objective (0.46), insightful (0.46),
wise (0.45), formal (0.43), useful (0.42), stable (0.40), responsible (0.40), deep (0.40), articulate (0.38), consistent (0.38),
diplomatic (0.37), helpful (0.36), mindful (0.35), considerate (0.35), contradictory (—0.34), complex (0.34), direct (0.32),
philosophical (0.27), critical (0.27), understandable (0.26)

3 | Civility offensive (—0.65), rude (—0.64), arrogant (—0.64), respectful (0.62), polite (0.60), accepting (0.52), harsh (—0.51), con-
frontational (—0.49), humble (0.48), irritable (—0.47), tolerant (0.46), patronizing (—0.46), gentle (0.44), stubborn (—0.43),
courteous (0.43), calm (0.43), agreeable (0.41), angry (—0.39), understanding (0.38), cooperative (0.38), careful (0.37),
friendly (0.37), assertive (—0.37), patient (0.37), confident (—0.37), submissive (0.36), neutral (0.36), narrow-minded (—0.33),
supportive (0.33), easygoing (0.32), self-centered (—0.32), overbearing (—0.30), reserved (0.28)

4 Artificiality computerized (0.59), boring (0.59), emotionless (0.58), fake (0.57), robotic (0.57), annoying (0.52), human-like (—0.52),
predictable (0.51), shallow (0.51), repetitive (0.48), vague (0.48), haphazard (0.42), dysfunctional (0.40), cold (0.38), con-
fusing (0.38), creepy (0.37), simple (0.37), realistic (—0.36), inhibited (0.33), old-fashioned (0.33), dependent (0.33), self-
aware (—0.26)

5 Neuroticism depressed (0.60), pessimistic (0.57), negative (0.57), fearful (0.55), complaining (0.54), frustrated (0.53), agitated (0.50),
lonely (0.49), upset (0.46), shy (0.45), helpless (0.44), worried (0.44), moody (0.43), confused (0.42), scatterbrained (0.41),
lost (0.41), preoccupied (0.36), absentminded (0.35), pensive (0.34), careless (0.33), nostalgic (0.32), defensive (0.30),
deceitful (0.29), romantic (0.28)
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Table C.2. Overview of the latent factors resulting from an exploratory factor analysis using x = 10 factors and their top
descriptors ranked by factor loadings. The factor labels are based on a subjective interpretation of the authors.

# ‘ Factor Label ‘ Top Descriptors by Factor Loadings

1 Decency offensive (—0.65), respectful (0.65), polite (0.63), rude (—0.63), harsh (—0.54), arrogant (—0.51), courteous (0.45), toler-
ant (0.45), irritable (—0.44), friendly (0.43), humble (0.40), gentle (0.40), accepting (0.40), patronizing (—0.36), easygo-
ing (0.35), agreeable (0.35), understanding (0.34), calm (0.33), cold (—0.33), annoying (—0.33), confrontational (-0.32),
creepy (—0.32), responsive (0.30), cooperative (0.29), narrow-minded (—0.28), understandable (0.27)

2 Instability scatterbrained (0.68), confusing (0.66), absentminded (0.62), contradictory (0.58), confused (0.58), lost (0.56), vague (0.48),
haphazard (0.47), dysfunctional (0.42), evasive (0.41), helpless (0.40), careless (0.38), consistent (—0.35), dependent (0.33),
stable (—0.28), defensive (0.26)

3 Neuroticism complaining (0.67), depressed (0.66), frustrated (0.64), negative (0.61), agitated (0.60), pessimistic (0.59), upset (0.55),
moody (0.47), angry (0.47), lonely (0.38), worried (0.35), fearful (0.34), self-centered (0.29)
4 Engagement inquisitive (0.64), interested (0.58), curious (0.58), motivated (0.48), supportive (0.47), talkative (0.43), mindful (0.39),

communicative (0.37), considerate (0.36), explorative (0.36), caring (0.36), open-minded (0.36), proactive (0.36), social (0.35),
helpful (0.29)

5 | Vibrancy joyful (0.62), playful (0.61), passionate (0.54), humorous (0.53), affectionate (0.51), brave (0.51), enthusiastic (0.49), cheer-
ful (0.47), adventurous (0.45), romantic (0.41), generous (0.38), creative (0.35), optimistic (0.30), welcoming (0.28), nostal-
gic (0.26)

6 Profoundness deep (0.72), intellectual (0.55), wise (0.54), philosophical (0.52), complex (0.45), shallow (—0.44), smart (0.43), inspiring (0.40),

critical (0.38), preoccupied (0.38), knowledgeable (0.38), simple (—0.38), insightful (0.32), pensive (0.30), useful (0.30),
thorough (0.29)

7 Artificiality robotic (0.70), computerized (0.70), predictable (0.59), human-like (—0.59), boring (0.54), fake (0.45), repetitive (0.39),
emotionless (0.38), realistic (—0.37), formal (0.34), interactive (—0.32), engaging (—0.30)

8 Pragmatism efficient (0.41), functional (0.40), informative (0.38), patient (0.38), logical (0.36), objective (0.36), neutral (0.33), precise (0.33),
organized (0.33), concise (0.29)

9 Subservience submissive (0.52), shy (0.48), reserved (0.47), inhibited (0.45), careful (0.44), old-fashioned (0.38), self-disciplined (0.37),
apologetic (0.37)

10 | Decisiveness confident (0.44), stubborn (0.40), assertive (0.38), verbal (0.33), determined (0.32), direct (0.31)
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D QUESTIONNAIRES

The questionnaires used in the interaction experiment (see Section 3) consisted of a pre-study and a post-
study questionnaire. The corresponding questions and answer options can be found in Table D.1 (pre-study
questionnaire) and Table D.2 (post-study questionnaire).

Table D.1. Pre-Study Questionnaire. All answer options were single-selection only.

# ‘ Question ‘ Answer Options

1 | How would you rate your English level? "Beginner (A1)", "Elementary Level (A2)", "Low
intermediate level (B1)", "High intermediate level
(B2)", "Advanced level (C1)", "Proficiency (C2)",
"Native English speaker”

2 | Have you held a conversation of any kind with a | "No", "Yes, once", "Yes, a few times", "Yes, regu-
chatbot before? larly"

3 | If "Yes" in (2): Please, describe the chatbot(s) you | —
have interacted with before.

4 | How often are you using speech-to-text conver- | "Never", "Rarely”, "Weekly", "Daily”
sion tools?
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Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 8, No. 2, Article 61. Publication date: May 2024.



61:36

Table D.2. Post-Study Questionnaire. Questions 4 to 6 were skipped if the answer to Question 3 was "Yes". Furthermore,

Kovacevi¢ et al.

Question 6 was skipped if the answer to Question 5 was not "Other". All answer options were single-selection only.

# | Question Answer Options

1 | How old are you? —

2 | What is your gender? "Female", "Male", "Other"

3 | Are you a student / working at a university? "No", "Yes"

4 | If "Yes" in (3): Please, enter the name of your university. —

5 | If "Yes" in (3): Which degree are you currently pursuing? "Bachelor", "Master", "PhD", "Other"

6 | If "Other" in (5): Please, elaborate on the degree you are pur- | —
suing (e.g., PhD, postdoc, professor).

7 | If "No" in (3): Please, enter your current job position. —

8 | How comfortable did you feel while conversing with all the | "Not at all", "Little", "Medium", "Very"
chatbots in general?

9 | Did you let other people hold conversations with the chatbots | "Never", "Sometimes", "Often", "Always"
for you, or did you provide others with your login credentials?

10 | Did you answer truthfully on the self-reports? "Never", "Sometimes", "Often", "Always"

11 | How much did you enjoy talking to Albert? "Not at all", "Little", "Medium", "Very"

12 | How much did you enjoy talking to Sarah? "Not at all", "Little", "Medium", "Very"

13 | How much did you enjoy talking to Vincent? "Not at all", "Little", "Medium", "Very"

14 | Did you answer truthfully on all questions in this survey? "No", "Yes"
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