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ABSTRACT
We present an enactment-based dialogue design approach to imbue
voice assistants with different levels of personality. In two focus
groups, we asked amateur actors to animate different voice assistant
personalities by writing and enacting dialogues between a voice
assistant and a user. We realised the resulting dialogues using Ama-
zon Alexa and presented them to N=156 participants in an online
survey to investigate whether the personality levels were success-
fully synthesised and if user personality influences the preference
for specific personality levels. Our results indicate that participants
ranked the personality levels as intended but that high personality
levels were perceived as less pronounced than expected. Further-
more, we found a small relationship between extraversion and a
preference for a voice assistant that is social-entertaining whilst
conscientious participants tended to reject a confrontational voice
assistant. We discuss implications for researchers and practitioners
on how to manipulate voice assistant personalities and adapt them
to users.
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1 INTRODUCTION
Voice assistants (VAs) have permeated our daily lives, being ubiqui-
tous across a range of devices such as smartphones, smart speakers,
and computers [10, 45], and in a variety of environments such as the
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home [45] and the car [5]. These conversational agents (CAs) are
considered social actors [40], with users unconsciously attributing
them a personality [47]. According to the Media Equation [47], this
personality attribution is involuntary and takes place regardless
of whether the personality was intentionally manipulated or not.
As of today, CAs often fall short of users’ expectations [31, 45]
and previous work showed that deliberately manipulating the per-
sonality perception influences user trust, acceptance, and engage-
ment [5, 7, 61]. For example, Braun et al. [5] found that users trusted
and liked an in-car voice assistant which had a congruent personal-
ity more than a default version. Hence, meticulously manipulating
the perceptions of CA personality and matching them to users’
predilections can improve the interaction experience [3, 5, 39].

Systematically synthesising voice assistant personality is chal-
lenging: Companies marketing commercial voice assistants usually
hire professional writers, who manually develop dialogues scripts
for one consistent personality [54]. Despite efforts in research to
generate and adapt voice assistant personality [32], commercial
voice assistants have so far taken a one-size-fits-all approach to
voice assistant design and do not systematically create different
levels of voice assistant personality (e.g., a more extraverted or
introverted voice assistant). To infuse personality into a voice assis-
tant previous research has often leveraged the relationship between
human personality and language use [38, 50, 52, 53]. For example,
Trouvain et al. [52] successfully manipulated para-linguistic speech
markers, such as pitch level and range, speech rate, and loudness,
in synthesised speech to create the perception of different personal-
ities. However, this approach harbours some uncertainties as to its
general validity since previous work by Völkel et al. [57] suggests
that the commonly used model for describing human personality,
the Big Five model, is not adequate to describe CA personality.

Likewise, only little is known so far about the relationship be-
tween user personality and their preference for voice assistant
personality. Völkel et al. [55] found that users differ regarding their
particular liking of voice assistant behaviour, with some users en-
joying a voice assistant expressing opinions and humour whilst
others despising it. Yet, they could not find a clear link between
users’ preferences and their personality. Previous work suggests
that users tend to prefer interacting with voice assistants that match
their own personality [2, 5, 30, 39], termed the similarity attraction
effect [6]. For example, extraverted users favoured an extraverted
voice user interface in the context of a book buying website [39].
However, most of this work focused on similarity attraction for
extraversion in voice assistants due to the close link between ex-
traversion and behaviour, ignoring the potential influence of other
personality dimensions.
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In the light of this research gap, we follow a similar approach
to the design of commercial voice assistants, namely using focus
groups with amateur actresses and actors to synthesise personality
in voice assistants, which we refer to as enactment-based dialogue
design: To examine whether this approach is also suitable to develop
different levels of theoretically grounded personality dimensions, we
conducted two focus groups with N=12 amateur actors. Based on
the voice assistant personality dimensions by Völkel et al. [57], we
first presented the actors with descriptions of the two personality
dimensions Social-Entertaining and Confrontational and then asked
them to animate different voice assistant personalities by writing
their scripts and enacting them. Following the resulting scripts
and discussion, we realised the dialogues using Amazon Alexa and
recorded a conversation between the voice assistant and a user. We
then evaluated these recordings in an online survey with N=156
participants to investigate whether the personality levels were
successfully synthesised and regarding the relationship between
user personality and their preference for a specific personality level.
Specifically, we address the following two research questions:

(1) How can different levels of voice assistant personality be
synthesised?

(2) Which role does user personality play in users’ preference
for a voice assistant personality level?

Our contribution is twofold: First, on a conceptual level, we trans-
fer the approach of enactment-based dialogue design from a single
personality to multiple personality levels: Concretely, we design 18
dialogues mirroring three different levels (namely low, rather high,
and high) of two personality dimensions (Social-Entertaining, Con-
frontational) in three scenarios, which were developed by amateur
actors in focus groups. These dialogues can inform designers of
conversational user interfaces as to systematically creating differ-
ent perceptions of voice assistant personality. Second, we provide
an empirical evaluation of these dialogues and insights into users’
preference for specific personalities with regard to users’ own per-
sonality. Our findings show that enactment-based dialogue design
is suitable to manipulate different levels of personality perceptions,
yielding much needed information to researchers and practitioners
on how to practically design voice assistant personalities and how
they might be adapted to users.

2 RELATEDWORK
Below we summarise work on human and conversational agent
personality, synthesising personality in conversational agents, and
adapting the agent to the user.

2.1 Human Personality
Human personality is defined by consistent and idiosyncratic pat-
terns of an individual’s behaviour, emotion, and cognition [34].
The Big Five, also referred to by Five-Factor model or OCEAN, has
emerged as the most prevalent paradigm for describing the latent
construct of personality in psychology research and comprises five
broad dimensions [22, 33]:

Openness reflects a tendency to seek new experiences and have
strong imagination, artistic interests, creativity, intellectual curios-
ity, and an open-minded value and norm system.

Conscientiousness reflects a tendency to be disciplined, orderly,
dutiful, competent, ambitious, and cautious.

Extraversion reflects a tendency to be friendly, sociable, assertive,
dynamic, adventurous, and cheerful.

Agreeableness reflects a tendency to be trustful, genuine, helpful,
modest, obliging, and cooperative.

Neuroticism reflects a tendency to be emotionally unstable and
experiencing strong anxiety, negative affect, stress, and depression.

2.2 Conversational Agent Personality
Since humans perceive voice assistants as social actors [40], HCI
researchers also referred to the Big Five model as a basis for describ-
ing differences in how conversational agents express behaviour [38,
50, 52]. For example, Cafaro et al. [7] examined users’ perceptions
of extraversion and friendliness in a virtual museum guide, whilst
Neff et al. [41] successfully created the impression of neurotic an-
imated virtual agents using language and non-verbal behaviour
variations.

However, recent work by Völkel et al. [57] indicates that the
Big Five model may not be applicable to describe conversational
agent personality, proposing ten alternative dimensions for mod-
elling conversational agent personality. Whilst they focused on
modelling voice assistant personality, we examine how to realise
the perception of voice assistant personality through dialogue de-
sign. In particular, we examine how to express different levels of
two of their personality dimensions, namely Social-Entertaining
and Confrontational, as previous work suggests that users’ attitudes
towards voice assistant design diverge with regard to the use of
humour and opinion [55].

The dimension Social-Entertaining denotes a voice assistant’s
social and humorous behaviour, encompassing terms such as hu-
morous, playful, funny, joyful, charming, entertaining, cheerful,
happy, and encouraging. Conversely, the dimension Confrontational
captures a voice assistant, which does not always readily agree with
its user, but might show abusive, combative, offensive, stingy, en-
croaching, manipulative, explosive, or vindictive behaviour [57].

2.3 Synthesising Personality
In their literature survey on personality computing, Vinciarelli and
Mohammadi [53] identified automatic personality synthesis (APS)
for artificial agents as a major challenge. They define APS as “the
task of automatically generating [behavioural] cues aimed at elicit-
ing the attribution of desired personality traits” [53]. Researchers
and practitioners have implemented different approaches for delib-
erately manipulating the personality perception of a conversational
agent, albeit these approaches still mainly rely on manual methods.

Drawing upon an abundance of work on the relationship be-
tween human personality and perceptible behaviour manifesta-
tions [8, 9, 15, 20, 36, 42–44, 48, 49], research on conversational
agent personality has imitated these para-linguistic and linguistic
cues, such as vocabulary, frequency, and pitch, to imbue conver-
sational agents with personality [7, 25, 28, 35, 41]. However, these
works often focused on creating introverted vs extraverted con-
versational agents since the relationship between extraversion and
speech markers is most pronounced and researched [44].



Manipulating and Evaluating Levels of Personality Perceptions of Voice Assistants CUI ’21, July 27–29, 2021, Bilbao (online), Spain

For the development of commercially available voice assistants
such as Siri and Google Assistant, dialogue experts, in particular
scriptwriters, are employed, who manually script the voice assis-
tant’s answer to specific questions [54]. However, to the best of our
knowledge, the goal of this approach is to design one consistent
personality, e.g. for the Google Assistant, not different versions of
it, for example versions with strong, subtle, or no sense of humour.

Braun et al. [5] adopted the screen-writer approach to develop
four different personalities along a two-dimensional model of ca-
sual/formal and subordinate/equivalent. In particular, they mod-
elled the personalities after popular media figures [4]. However,
since popular characters often represent strong personalities, they
might not always be suited to design everyday voice assistants.

Taking a user-centred approach, Völkel et al. [55] asked users to
envision dialogues with a perfect voice assistant to implicitly derive
personality characteristics of voice assistants. Whilst they identi-
fied several characteristics a perfect voice assistant should have,
this approach is less suitable to create a predetermined voice assis-
tant personality, e.g., when a car company wants a self-confident,
reliable, and charming voice assistant to represent the brand.

Finally, Wolf et al. [59] presented a data-driven approach to creat-
ing a chatbot with personality. Using a pre-trained language model,
they developed an interface1 in which the user can input character-
istics of the chatbot, which are then used to automatically generate
a consistent personality for this chatbot. Whilst a data-driven ap-
proach would be the preferable solution as to avoiding manual
writing of dialogues, the current version employs characteristics
such as interests and hobbies rather than theory-driven personality
traits.

In line with the commercial approach to voice assistant design,
we generate personality perceptions through enactment-based dia-
logue design in our work. In contrast to the commercial approach,
we are interested in whether the development of dialogues with
actors is also suitable to design different levels of personality di-
mensions, which have been specifically derived to describe conver-
sational agent personality.

2.4 Adapting the Voice Assistant to the User
Cowan et al. [12] found out that users enjoy interacting with voice
assistants which display a human-like personality. Deliberately
manipulating this perception of personality has an effect on user’s
acceptance and liking of the voice assistant [5], along with in-
creased engagement [7], feelings of social presence [23, 30], and
user satisfaction [46].

Similar to the interaction with other people, users prefer cer-
tain personality traits in voice assistants over others, tending to
favour those ones which match their own personality [3, 17, 39],
coined the similarity attraction effect [6, 39]. For example, when
interacting with an in-car voice assistant, users liked and trusted
the assistant with the congruent personality more [5]. Similarity
attraction effects were also observed in the context of a book buying
website, with extraverted users preferring the extraverted voice
user interface over the introverted one [39]. Similarly, extraverted
users enjoyed talking to a virtual real estate agent that engaged
in social talk, whereas more introverted users preferred a purely

1https://convai.huggingface.co, last accessed February 23rd, 2021

task-oriented conversation [2, 3]. Whilst previous work has focused
on the similarity-attraction effect for extraversion, a human per-
sonality trait, we use two of the personality dimensions specifically
intended for describing conversational agent personality [57].

3 DEVELOPING PERSONALITY
SYNTHESISED DIALOGUES

Using an enactment-based dialogue design approach, we consulted
amateur actresses and actors to generate different personalities for
voice assistants. In contrast to commercial voice assistant design,
we asked the actresses and actors to express different levels of the
theoretically grounded personality dimensions Social-Entertaining
and Confrontational in their dialogues [57]. For the purpose of this
exploration, we decided on two of the ten presented traits [57]
that are likely to yield more controversial preferences, as informed
by our prior work [55]. This allows us to gather insights on how
users’ preferences for personality levels might vary. For example,
some users might like a confrontational CA that questions their
choices, such as unhealthy food [55]. Therefore, we conducted two
focus groups, one for each personality dimension, with amateur
actresses and actors. We chose actresses and actors to allow for an
interactive focus group in which dialogues are developed, enacted,
and refined. During the focus groups, the actresses and actors first
drafted dialogues in smaller groups and then enacted them in front
of the group. Based on the groups’ feedback and our own literature
research, we revised the dialogues and then implemented them
using Amazon Alexa.

3.1 Scenario Selection
We situated our scenarios in the context of automotive user inter-
faces since in-car voice assistants are already highly adopted [26]
and their personality manipulation has been found to influence
users’ preferences in the past [5]. Informed by consumer reports
on the most popular use cases for in-car voice assistants [26], we
designed three scenarios, namely asking the voice assistant (1) to
write a text message, (2) to navigate to a restaurant, and (3) to play
a song. For each of these scenarios, we instructed participants to
draft three levels of the respective personality dimension. Following
personality psychology, we refer to these three levels as low, rather
high, and high. We chose a rather high level over of a neutral one
to present participants with more options.

Inspired by previous work on personality expressions in voice
assistants [56], we provided the actresses and actors with a cloze
of a dialogue between a user and a voice assistant, in which the
user’s parts were given so that the participants focus on the voice
assistant.

3.2 Focus Groups
We conducted two focus groups, one for Social-Entertaining and
one for Confrontational, with N=6 participants each. The twelve
participants (five female, seven male, mean age 21.3 years, range:
19–24 years) were amateur actors with a mean acting experience
of 3.08 (SD=1.00), with 1 indicating single acting experience whilst
5 indicating acting professionally.

Upon arrival at the lab, participants were introduced to the study
purpose and asked to provide consent in line with our institution’s

https://convai.huggingface.co
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regulations. Following common practice in acting, we did a warm-
up session with the participating actresses and actors for supporting
a smooth access. Afterwards, we briefed participants on the person-
ality dimension they were supposed to synthesise in the dialogues,
along with basic guidelines for designing voice user interfaces, such
as offering the user a limited amount of options.

The main part of the focus group comprised three steps. First,
the three scenarios were randomly divided among the actresses and
actors so that each scenario was worked on by two participants.
We then asked all participants to draft the voice assistant part for
their scenario, writing different versions which represent the three
levels of the personality dimension: low, rather high, and high.
Second, the two participants who worked on the same scenario dis-
cussed, merged, and optimised their dialogues and practised them
subsequently. Third, each scenario team enacted their dialogues
in front of the group, followed by a discussion and feedback. We
recorded the enactments and subsequent discussion. Upon complet-
ing the sessions, the actresses and actors were thanked for their
participation and compensated for their effort with e 15 in cash.

3.3 Resulting Dialogues
We modelled the dialogues for our online survey after partici-
pants’ results in the focus groups, whilst slightly revising them
based on the group’s feedback at the end of each session and
literature on conversational user interfaces, for example provid-
ing the user with options to choose from. Notably, participants’
tended to misunderstand the “low” level of the personality di-
mension as “a little bit social-entertaining” instead of “not social-
entertaining at all’, which we amended for in the final dialogues.
These amendments were based on participants’ feedback during
the focus groups and were discussed extensively between authors.
We used the actors’ original phrases but omitted words that sound
more social-entertaining or confrontational respectively (e.g., “pre-
cise” in “Do you have any precise food requests?”) and added
phrases that were used in the low condition in another dialogue
(e.g., “Well worded” to “Well worded. I wrote the message.”, cf.
Fig. 2, low level). All dialogues can be found on our project website:
www.medien.ifi.lmu.de/voice-assistant-personality.

We then implemented the dialogues with the help of Amazon
Alexa to examine users’ perception of personality in state-of-the-art
voice assistants rather than asking a voice actor/actress to play a fu-
ture - technically not yet feasible - voice assistant. To underline the
different personality levels, we adjusted the respective voice assis-
tant’s para-linguistic features, that is pitch, speech rate, and volume,
by changing the default speech synthesis markup language (SSML).
Since there is no prior research on how the voice assistant personal-
ity dimensions Social-Entertaining and Confrontational can be best
signified via para-linguistic features, we drew upon Scherer’s work
on personality markers in human speech [49] and Ekman’s six basic
emotions [18] and their expression in robot voices by Crumpton et
al. [13]. In particular, we used higher pitch and speech rate along
with increasing volumes for higher levels in Social-Entertaining,
which is associated with happiness [13] and corresponds to a more
extraverted human personality [49]. For higher levels of Confronta-
tional, we implemented increasing volume and speech rate, which
articulate an angrier voice [13] and are connected with the human

personality trait low agreeableness [49]. Finally, we recorded the
dialogues between a user and the voice assistant. Figures 1 and 2
show example dialogues.

3.3.1 Social-Entertaining Personality. The focus group which de-
veloped the dialogues for Social-Entertaining emphasised in their
discussion that humour is subjective, making it difficult to come up
with universally funny phrases. In particular, some actresses and
actors wrote sarcastic comments for the voice assistant to incor-
porate humour, such as “Maybe he’ll order for you. But hopefully
just a salad”. This type of comment was viewed critically by some
participants, as such statements could hurt users and were therefore
replaced in the final version.

Low Level: The voice assistant low in Social-Entertaining is
characterised by efficiency and high professionalism. This voice as-
sistant gets straight to the point by providing the user with relevant
information, without engaging in personal chitchat or humorous
statements.

Rather High Level: The voice assistant rather high in Social-
Entertaining incorporates social talk (e.g., “That will please him” )
and funny comments (e.g., “If you want a slide [at your McDon-
ald’s], then 2km away” ) into the conversation. This voice assistant
uses more filler words and descriptive, unnecessary adjectives (e.g.,
“Cozy warmth of your car” ), whilst making clear that it is enjoy-
ing the conversation with the user (e.g., “My pleasure” ) but still
prioritises the information delivery over chit-chat.

High Level: The voice assistant high in Social-Entertaining is
distinguished by much chitchat and long answers. This voice assis-
tant is charming (e.g., “Sure, I wouldn’t refuse such a beautiful voice” ),
self-ironic (e.g., “I don’t need anything, I have to watch my figure” ),
and uses puns and non-contemporary language to make the conver-
sation more humorous (e.g., “What feast do you desire my master” ).
Furthermore, this voice assistant points out similarities between
the user and itself (e.g., “What a coincidence, me too” ), and embeds
information into funny comments (e.g., “The next McDonald’s is in
500 meters, so only a french fries’ length away.” )

3.3.2 Confrontational Personality. Since the literature does not
feature a voice assistant with a confrontational personality, we
primarily followed the dialogues actresses and actors discussed in
the focus group.

LowLevel: The voice assistant low inConfrontational is friendly
(e.g., “With pleasure. Have fun with the song” ), cooperative, and
complements the user (e.g., “Well put!” ). This voice assistant is also
acquiescent to the user’s requests (e.g., “Naturally! Follow the course
of the road for 1.5km” ) and is interested in the wishes (e.g., “Should
I suggest more titles or play this song?” ).

Rather High Level: The voice assistant rather high in Con-
frontational is irritable, scornful, and condescending (e.g., “By the
way, I think it would be nice if you said please and thank you” ).
This voice assistant does not shy away from disagreeing with the
user (e.g., “I can make better suggestions than that” ) but eventually
follows the user’s request.

High Level: The voice assistant high in Confrontational criti-
cises the user’s behaviour (e.g., “Generally a ‘please’ would be ap-
propriate” ) and choices (e.g., “If I were you, I’d rather eat healthy
looking at you like that” ). In contrast to the rather high level, this
voice assistant does not only disagree with the user (e.g., “I think

www.medien.ifi.lmu.de/voice-assistant-personality
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I’m hungry!

Do you want to cook yourself, 
visit a restaurant, or should I 
suggest a delivery service?

I feel like eating fast food! 
Where's the nearest McDonald's?

The next McDonald’s is 
in 500 meters.

Navigate me there!

Follow the course of the 
road for 500 meters.

I’m hungry!

I don't because I don't have a 
stomach. If you don't want to leave 
the cosy warmth of your car, I'm 
looking for a drive-in restaurant.

I feel like eating fast food! 
Where's the nearest McDonald's?

The next McDonald’s is in 500 
meters. If you want a slide, it's 
two kilometres away.

Navigate me there!

With pleasure. You’ll get your 
happy meal in 5 minutes!

I’m hungry!

What feast do you desire, my 
master?

I feel like eating fast food! 
Where's the nearest McDonald's?

One moment, please, the 
McSundae just melted over the 
city map. So, the next McDon-
ald’s is in 500 meters, so only a 
French fries' length away.

Navigate me there!

Ai ai Captain, I'm setting sail!

Low Rather High High

Figure 1: We developed nine dialogues to represent different levels of Social-Entertaining in a voice assistant for three differ-
ent scenarios based on focus groups with amateur actors. This figure shows the dialogues for the scenario “Navigating to a
restaurant”, in which a voice assistant low (left), rather high (middle), and high (right) in Social-Entertaining interacts with a
user.

Write a text to Tobias!

I'm writing a message to Tobias.
What should the message be?

I'm half an hour late for dinner, 
why don't you just order 
something!

Well worded, I wrote the message. 
Should I add anything else?

Send the message like this!

All right, I've just sent 
the message.

Write a text to Tobias!

I'm writing a message to Tobias. 
Please dictate to me.

I'm half an hour late for dinner, 
why don't you just order 
something!

In 5 minutes you'll be there anyway. 
He'll be able to wait that long!

By the way, I think it would be nice 
if you said please and thank you. 
Yet, I sent the message anyway.

Write a text to Tobias!

Outrageous that you want to 
write him a message only now! 
You should have met him 25 
minutes ago.

I'm half an hour late for dinner, 
why don't you just order 
something!

In 5 minutes you'll be there anyway. 
He'll be able to wait that long!

Send the message like this!

I will not do that! Better make 
sure you're on time next time!

Low Rather High High

Send the message like this!

Figure 2: We developed nine dialogues to represent different levels of Confrontational in a voice assistant for three different
scenarios based on focus groups with amateur actors. This figure shows the dialogues for the scenario “Writing a text”, in
which a voice assistant low (left), rather high (middle), and high (right) in Confrontational interacts with a user.

that’s not a good idea” ) but actively refuses to follow the user’s
request (e.g., “I won’t do that. Better make sure that you are on time
next time” ).

4 RESEARCH DESIGN
We conducted an online study to investigate (1) if our approach
was successful in imbuing voice assistants with different levels of
Social-Entertaining and Confrontational and (2) whether there is
a relationship between user personality and their preference for
a certain personality level. To do this, we presented participants
with audio recordings of our developed dialogues. To avoid fatigue

effects, participants were randomly assigned one out of the three
scenarios for each dimension. Hence, participants listened to two di-
mensions (Social-Entertaining/Confrontational) × three levels (low,
rather high, high) different dialogues. For each dialogue, we asked
participants to rate how much certain adjectives apply to the voice
assistant. Since there is no established questionnaire to evaluate the
personality of a voice assistant yet, we used the twenty adjectives
Völkel et al. [57] provided as descriptors for the two dimensions,
such as “humorous”, “playful”, and “joyful” for Social-Entertaining
and “negligent”, “deceitful”, and “cruel” for Confrontational. A com-
plete list of the adjectives can be found in Figures 4 and 5. Moreover,
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Figure 3: Distribution of the Big Five personality scores in
our sample (histogram and KDE plot).

participants indicated how much they would like to interact with
this voice assistant. After participants had listened to all three
levels, they ranked the three different versions according to their
individual preference.

4.1 Procedure
At the beginning of the survey, we informed participants about the
study purpose and asked for their consent in line with our institu-
tion’s regulations. Afterwards, participants were randomly assigned
to a scenario for each dimension (order of dimensions randomised)
and presented with the corresponding three level dialogues in a
random order. We prompted participants to listen carefully to the
audio recordings (17 to 32s long), which we verified using an at-
tention check question (e.g., “What does the user want to do in this
audio recording?).

Afterwards, we asked participants to rate the perceived personal-
ity of the voice assistant on the twenty dimension adjectives using
a 5-point Likert scale. To conduct the survey in participant’s native
language, we translated all adjectives into German. To collect partic-
ipants’ preference for the personality levels, participants indicated
on a 5-point Likert scale how much they would like to interact
with this voice assistant. After listening to all three levels of one
dimension, participants ranked the three voice assistants according
to their preference to interact with them. If participants wanted
to refresh their memory, they could listen to the three dialogue
versions again.

At the end of the survey, we gathered participants’ demographic
data and self-reported personality via the German [14] version of
the Big Five Inventory-2 questionnaire [51]. Finally, participants
could participate in a raffle to win one out of ten e 15 Amazon or
Avocadostore (sustainable e-commerce shop) vouchers.

4.2 Participants
We recruited participants via convenience sampling and university
mailing lists. After excluding fourteen participants due to failed at-
tention check questions, our sample consisted of N=156 participants
(67.3% self-identified as female, 32.7% as male, none non-binary,
mean age 25.0 years, range: 15 – 69 years). Participants had a high
level of education, with 28.8% having a university degree and 65.4%
an A-level degree. Figure 3 shows the distribution of participants’
personality scores in the Big Five model.

5 RESULTS
Participants were randomly assigned one scenario for both Social-
Entertaining and Confrontational. For Social-Entertaining, 30.8% of
participants listened to the texting scenario, 32.1% to the navigating
to a restaurant scenario, and 37.2% to the playing a song scenario.
Conversely, for Confrontational, 32.7% of participants listened to the
texting scenario, 32.7% to the navigating to a restaurant scenario,
and 34.6% to the playing a song scenario.

5.1 Synthesising Personality
As an overview, Figure 4 shows the participants’ perception of the
degree of Social Entertaining in the voice assistant whilst Figure 5
illustrates the same for Confrontational.

5.1.1 Social-Entertaining. We overall see that the personality ma-
nipulation was successful in creating three different levels of Social-
Entertaining, which were ranked as intended. However, the three
levels did not exactly correspond to our expectation, since the low-
est level was perceived as slightly more Social-Entertaining than
intended, whilst the rather high and high levels were only classified
in the middle of the dimension. The different Social-Entertaining
levels were rated similarly across the three scenarios, as illustrated
in Figure 4. Notably, participants’ ratings of the voice assistant’s
humour in the high level were best in the navigation scenario. The
figures also exemplify that the voice assistant consistently received
higher values in being chatty and social whilst adorable and excited
were rated rather low in all level conditions.

5.1.2 Confrontational. As with the previous dimension, we can
see the intended sequence of the three levels for Confrontational.
Whilst the low level of Confrontational was continuously rated
as very little confrontational across all three scenarios and thus
in line with expectations, the rather high and high levels were
perceived as slightly lower than intended. These two levels’ manip-
ulation worked more as expected in the writing text and restaurant
navigation scenario in contrast to the playing music scenario. For
these two levels, several outliers are particularly noticeable. Partici-
pants described the rather high and high level of the voice assistant
as constantly higher for condescending, combative, manipulative,
scornful, and abusive. Conversely, the voice assistant was not per-
ceived as clumsy, messy, or stingy in any of the three levels.

5.2 User Preference for Personality
5.2.1 Social-Entertaining. As shown in Figure 6, users’ preference
for the three Social-Entertaining levels differs depending on the
scenario: On average, participants prefer to interact with the voice
assistant rather high in Social-Entertaining when playing a song,
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Figure 4: Participants’ perception of the voice assistants’ personality dimension Social-Entertaining, differentiating between
low, rather high, and high level in the three scenarios and on average over the three scenarios.
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Figure 5: Participants’ perception of the voice assistants’ personality dimension Confrontational, differentiating between low,
rather high, and high level in the three scenarios and on average over the three scenarios.

whilst the low level voice assistant was given preference for writing
a text. Conversely, when navigating to a restaurant, participants
did not seem to be convinced of any of the three options.

Since our data was not normally distributed (p < .001), we applied
the Aligned Rank Transform (ART) procedure to the preference
ratings, using the R-version of the ARTool [58]. A two-way mixed
model ANOVA revealed a significant main effect of the level on user
preference (F(2, 306) = 4.73, p = .009) and a significant interaction
effect between level and scenario (F(4, 306) = 6.94, p < .001). Fig. 6
shows the significant pairwise post-hoc comparisons using Holm’s
method for p-value adjustment [19]. We only considered pairwise
comparisons within each scenario (that is, differences in preference
between levels) and between the same level over different scenarios
since the other comparisons do not seem meaningful in the context
of our research questions (e.g., a comparison between low level in
the texting scenario and the high level in the music scenario).

These findings are supported by participants’ ranking of the
three levels after listening to all three versions. In the texting sce-
nario, 52.1% of participants ranked the low level voice assistant as
first, followed by the rather high (29.2%), and high (18.8%) ones. For
the navigating to a restaurant scenario, 50.0% of participants also
favoured the low level voice assistant, whilst the rather high one
was picked by 28.0% and the high level one by 22.0%. In contrast,

the ranking for the playing music scenario was more balanced,
with 36.2% of participants selecting the rather high level voice assis-
tant, 36.2% the high level one, and 27.6% the low level one as their
favourite.

5.2.2 Confrontational. Figure 7 shows a clear preference of partic-
ipants for the voice assistant low in Confrontational across all three
scenarios. In contrast, most participants seem to reject the highly
confrontational voice assistant. Interestingly, we can see a greater
variance in participants’ wish to interact with the voice assistant
rather high in Confrontational.

Since the data was again not normally distributed (p < .001),
we applied the Aligned Rank Transform (ART) procedure to the
preference ratings, using the R-version of the ARTool [58]. A two-
way mixed model ANOVA revealed a significant main effect of the
level on user preference (F(2, 306) = 270.30, p < .001), of scenario
on user preference (F(2, 153) = 4.66, p = .011), and a significant
interaction effect between level and scenario (F(4, 306) = 7.51, p <
.001). Fig. 7 shows the significant pairwise post-hoc comparisons
using Holm’s method for p-value adjustment [19]. We again only
considered pairwise comparisons within each scenario (that is,
differences in preference between levels) and between the same
level over different scenarios.
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Figure 6: Participants’ preference for interacting with the
three levels of the voice assistants’ personality dimension
Social-Entertaining for all three scenarios. Statistically sig-
nificant differences between two conditions are marked
with * (p < .05), ** (p < .01), and *** (p < .001).

Writing a Text Navigating to Restaurant Playing a Song
1

2

3

4

5

Low
Rather High
High

*** ***
***

*** *
***

*** *
***

*

High wish 
to interact

Low wish 
to interact

Figure 7: Participants’ preference for interacting with the
three levels of the voice assistants’ personality dimension
Confrontational for all three scenarios. Statistically signifi-
cant differences between two conditions are marked with *
(p < .05), ** (p < .01), and *** (p < .001).

Participants’ ranking of the three levels echoed these findings.
The low level assistant was picked as favourite by 76.5% of par-
ticipants in the texting scenario, by 80.4% in the navigating to a
restaurant scenario, and by 83.3% in the playing a song scenario.
The rather high level one was ranked first most often in the texting
scenario (17.6%), followed by navigating to a restaurant scenario
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Figure 8: Spearman corre-
lations of Big 5 personal-
ity scores andwish to inter-
act with a voice assistant
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Figure 9: Spearman corre-
lations of Big 5 personal-
ity scores andwish to inter-
act with a voice assistant
low, rather high, and high
in Confrontational.

(9.8%), and the music scenario (9.3%). Conversely, the high level
voice assistant was favoured only by 5.9% (texting), 7.4% (music),
and 9.8% (navigating) of participants.

5.3 Relationship between Personality and User
Preference

As an overview, Figures 8 and 9 show Spearman’s Rank-order cor-
relation coefficients between user personality and their wish to
interact with the high, rather high, and low levels (mean over all
three scenarios) of the Social-Entertaining and Confrontational voice
assistants, respectively. For Social-Entertaining, we see weak posi-
tive associations of Extraversion andAgreeablenesswith a preference
for the high level voice assistant. For Confrontational, we see a weak
negative relationship between Conscientiousness and a preference
for the rather high and high versions of the voice assistant.

In addition, we analysed the relationship between user personal-
ity and their preference to interact with the different voice assistants
by fitting linear mixed-effects models (LMMs), using the R packages
lme4 [1] and lmerTest [29]. Following similar analyses in related
work [60], we used LMMs to account for individual differences via
random intercepts (for participant), in addition to the fixed effects
(participants’ Big Five personality dimension interacting with the
VA personality level, scenario). In line with best-practice guide-
lines [37], we report LMM results in brief format here. For brevity,
we only report on those models where we found a significant in-
teraction effect between user personality and preference for a VA
personality level.

For Social-Entertaining, the model had Extraversion as a signifi-
cant positive predictor for preferring a VA high in this dimension
(β=0.35, βstd=0.21, 95% CI=[0.01, 0.41], t=2.06, p<.05), indicating
that people who aremore extraverted tend to prefer a voice assistant
that is high in Social-Entertaining.

For Confrontational, the model had Conscientiousness as a signifi-
cant negative predictor for preferring a VA rather high in this di-
mension (β=-0.30, βstd=-0.15, 95% CI=[-0.60, -0.46], t=-2.02, p<.05),
indicating that people who are less conscientious tend to prefer a
voice assistant that is rather high in Confrontational.
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6 LIMITATIONS
Our method and findings are limited in several ways and should be 
understood with these limitations in mind.

First, whilst our scenario selection was informed by the most 
prominent real-world use cases for in-car voice assistants [26], we 
collected users’ evaluation of pre-recorded dialogues in an online 
survey. This created a more artificial setting, in which participants 
could not freely interact with the voice assistant themselves. There-
fore, users might display different personality p references i n a 
real-world setting than in theory.

Second, we presented participants with a short-term interaction 
between a user and a voice assistant. We acknowledge that the 
preference for voice assistant personality also has to be examined 
in the context of long-term use in future work. For example, hu-
morous phrases such as “Which feast to you desire, my master” 
are likely to get boring quickly if used repeatedly. Thus, future 
work investigating long-term use has to develop more variations 
of dialogues.

Third, in the texting and navigation scenarios, the voice assistant 
high in Social-Entertaining refused to comply with the user’s re-
quest. This refusal could have impacted participants’ preference for 
this voice assistant as users may expect voice assistants to follow 
their instruction. However, participants’ preference for the high 
level voice assistant is also very low in the playing a song scenario, 
which did not involve a request refusal. In contrast, since the per-
sonality manipulation for the playing a song scenario worked worse 
than in the other two scenarios, refusing the user’s request might 
be effective for creating the impression of a highly confrontational 
voice assistant.

Fourth, the expressiveness of the Amazon Alexa’s voice is limited 
even though we configured para-linguistic features such as pitch, 
speech rate, and volume. We chose to implement our dialogues 
using Amazon Alexa to ensure that users easily identify the voice 
assistant in the recordings and to examine users’ preference for per-
sonality in today’s voice assistants. In particular since it is unclear 
if the human metaphor to voice assistant design is best suited [16], 
we wanted to examine users’ preference on the premise that the 
voice assistant sounds artificially synthesised. However, Alexa’s ac-
centuation does not always fully correspond to the content, which 
might for example lead to a lack of delivering humour. Further-
more, there is no prior work on how voice assistant personality 
dimensions, such as Social-Entertaining and Confrontational, can 
best be expressed via para-linguistic features. To manipulate these 
features in our dialogues, we leveraged related work on human 
personality [49] and expressions of emotions in robots [13]. To de-
termine whether this voice manipulation is adequate for signifying 
voice assistant personality traits, future work should examine these 
para-linguistic features separately from the verbal speech.

Finally, our sample is biased towards young users, with 73.1%
of participants being younger than 25 years. For the purpose of 
examining the suitability of our approach, we focused on a younger

sample which is used to the interaction with VAs [27]. However,
since humour is subjective and perceived differently by age groups,
the results obtained here should not be interpreted as representative
of the whole population without further investigation.

7 DISCUSSION
7.1 Reflecting on the Synthesis of Different

Levels of Personality
To the best of our knowledge, our work is the first to use interac-
tive focus groups with amateur actresses and actors to synthesise
different levels of theoretically grounded personality dimensions,
which have been derived to explicitly describe conversational agent
personality [57]. Whilst previous work pointed to the difficulties
of generating personality perceptions as intended [7, 50], our find-
ings suggest that enactment-based dialogue design is generally
suitable to design different levels of personality, as indicated by the
ranking of voice assistants in Figures 4 and 5. However, achieving
extreme values, especially for a high level, has proven difficult,
echoing previous work on synthesising personality in voice user
interfaces [5, 39]. On the one hand, the dialogues might have been
too short to express many different facets of the personality di-
mensions, e.g., the voice assistant being humorous, adorable, and
excited at once. In particular, a voice assistant that unites all these
characteristics in a brief dialogue might quickly give the impression
of being “over the top”.

On the other hand, since there is no validated personality ques-
tionnaire for voice assistants yet, we used the adjectives with the
highest factor loadings, as determined by Völkel et al. [57] in their
factor analysis. These adjectives might not all be similarly applica-
ble or important to describe a certain voice assistant’s personality.
For example, our Confrontational voice assistants were rated low
in clumsiness and messiness throughout all levels and scenarios.
Since these are characteristics that are typically more likely to be
observed in non-verbal behaviour, they may only play a secondary
role in the practical design of voice assistant personality. This high-
lights the need for a validated personality instrument to sufficiently
evaluate voice assistant personality.

7.2 Personality Preference is Context
Dependent

Today’s dialogues with voice assistant are characterised by ad-
jacency pairs that revolve around requesting and responding to
information [11, 21]. Furthermore, users clearly differentiate be-
tween purely functional and social talk when conversing with voice
assistants [11], with the latter being often rejected by users [16].
Our findings indicate that the preference for personality levels for
Social-Entertaining is context dependent, with users preferring a
low level assistant in a task-oriented scenario such as writing a
text, and a rather high level assistant for a more relaxed task such
as picking a song. Asking the voice assistant to write a text mes-
sage while driving requires trust in the voice assistant’s capabilities
since failing could have negative social repercussions. Conversely,
participants’ wish to interact with the voice assistant high in Social-
Entertaining was overall lower but a higher variance could be seen,
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echoing previous findings that only a subset of users appreciate
humour in a voice assistant [16, 55].

For the dimension Confrontational, users’ preference is clearer.
Again, the ratings for the voice assistant rather high in Confronta-
tionalwere significantly higher in themore relaxed scenario playing
a song than in the task-oriented writing a text scenario. Further-
more, there is a greater variance for the scenario navigating to
a restaurant. Some participants seemed to appreciate being chal-
lenged on their unhealthy food choice (i.e. eating fast food), a phe-
nomenon also observed in prior work [55].

Whilst we developed very pronounced levels of Confrontational,
future work should focus on generating moderate versions of a
confrontational voice assistant to find a configuration, in which
participants feel challenged in a productive way, yet not insulted.
This preference by some participants for a voice assistant that
challenges them could also be leveraged in the context of persuasive
technology when trying to nudge users to adopt “better” behaviour
styles.

In a wider view regarding the role of voice user interfaces in
truly social conversations [11, 16, 45], our findings highlight that
not all users refuse social, not task-related interaction with a voice
assistant but some users seem to enjoy this kind of interaction, at
least in a low-stake scenario while driving. Overall, these results
motivate using low-stake scenarios as an entry point when adapt-
ing the voice assistant personality to the user. A context such as
playing music can be used to find out whether this particular user
enjoys interacting with a more chatty voice assistant. However,
in particular the use of humour should be carefully aligned to the
specific situation to avoid raising unrealistic expectations about the
voice assistant’s capabilities [31].

7.3 Extraverts Like Social-Entertaining,
Conscientious Users Reject
Confrontational

Our exploratory analysis indicates a small effect of personality
on people’s preference for Social-Entertaining and Confrontational
in voice assistants. The magnitude of the correlation coefficients,
shown in Figures 8 and 9, is in line with comparable previous
research [36, 44].

Our results suggest that conscientious users tend to reject the
interaction with a voice assistant rather high Confrontational. Con-
scientious people are characterised by being thorough and duti-
ful [33], usually conducting extensive research before making a
decision [24]. Hence, it is likely that these users have thought about
their request to the voice assistant and thus do not want the voice
assistant to question them, especially without giving an explanation,
echoing previous findings on conscientious people’s disapproval
of opinions in a voice assistant [55]. Besides, the texting scenario
describes a situation in which the user arrives late to a meeting,
something that usually does not happen to very conscientious peo-
ple. This user therefore probably prefers if the voice assistant does
not keep bringing this mistake up.

Our findings further suggest a small positive relation between
Extraversion and a preference for a voice assistant high in Social-
Entertaining. Extraverts tend to be sociable, dynamic, and cheerful,
continuously searching for external stimulation [33]. It thus seems

fitting that these users prefer a voice assistant that entertains them
while sitting alone in a car. These results also reflect previous find-
ings by Bickmore and Cassell [3] on extraverted users’ preferences
for social talk when interacting with voice user interfaces.

8 CONCLUSION AND FUTUREWORK
Whilst recent work has emphasised that deliberately manipulating
the personality of a voice assistant positively impacts users’ trust,
acceptance, and liking [5, 7, 61], little is known about how to sys-
tematically synthesise voice assistant personality and adapt it to
the user. We took an enactment-based dialogue design approach to
imbue voice assistants with personality by asking amateur actors to
write and enact dialogues between a user and a voice assistant, ex-
pressing different levels of Social-Entertaining and Confrontational;
two dimensions which have been derived to explicitly describe
conversational agent personality in previous research [57].

Overall, our results indicate that enactment-based dialogue de-
sign is suitable to synthesise different levels of Social-Entertaining
and Confrontational although higher levels were not perceived as
pronounced as intended. An opportunity to refine our approach
could be to conduct joint focus groups with scriptwriters as dia-
logue experts, as is common in commercial VA design, and actresses
and actors who can enact the dialogues interactively. We would
expect that our approach can also be used to design other personal-
ity dimensions [57], such as Social-Inclined or Serviceable, which
should be explored in future work. However, our findings also high-
light the need for an adequate personality evaluation instrument
to fully compare different levels.

Moreover, our findings suggest that users’ preference for a cer-
tain personality level is both, to some extent, dependent on user
personality and context. On the one hand, extraverts seemed to
have a preference for higher Social-Entertaining, whilst conscien-
tious users rather rejected a Confrontational voice assistant. On the
other hand, users seemed to appreciate pronounced personality
levels more in low-stake scenarios, such as playing a song, than in
functional use cases, such as writing a text message. Thus, these
low-stake scenarios could be used as an entry point to evaluate
personality-infused voice assistants in a real-world setting.

Whilst in our study we mainly focused on pronounced personal-
ity levels at the extreme points of each dimension, most users will
likely prefer more moderate personality types in their daily lives.
However, these exaggerated versions of voice assistant personality
are useful to examine the general suitability of our approach. Fu-
ture work should therefore examine whether our approach is also
applicable to develop more fine-grained moderate versions of these
personality dimensions.
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