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Abstract 

Conversational agents (CAs)—software systems 
emulating conversations with humans through natural 
language—reshape our communication environment. 
As CAs have been widely used for applications 
requiring human-like interactions, a key goal in 
information systems (IS) research and practice is to be 
able to create CAs that exhibit a particular 
personality. However, existing research on CA 
personality is scattered across different fields and 
researchers and practitioners face difficulty in 
understanding the current state of the art on the design 
of CA personality. To address this gap, we 
systematically analyze existing studies and develop a 
framework on how to imbue CAs with personality cues 
and how to organize the underlying range of 
expressive variation regarding the Big Five 
personality traits. Our framework contributes to IS 
research by providing an overview of CA personality 
cues in verbal and non-verbal language and supports 
practitioners in designing CAs with a particular 
personality.  

1. Introduction  

Conversational agents (CAs) are reshaping our 
communication environment by emulating 
conversation with humans through natural language 
[1]. From the initial stage of rule-based chatbots to the 
era of rapid development in artificial intelligence (AI), 
CAs have become increasingly capable of handling 
highly complex tasks with human qualities [2, 3]. 
Various types of CAs have emerged and are used in a 
variety of different application domains (e.g. customer 
service, mental health care, education) [4, 5]. With 
their growing popularity, much research in 
information systems (IS) has been dedicated to the 
design of CAs [6, 7, 8, 9]. Creating a CA is, by its 
nature, multidisciplinary and requires the application 
of a variety of disciplines ranging from agent systems 
and interface design to sociology and psychology [10]. 

Hence, both technical as well as social aspects are 
considered vital when designing CAs in order to 
manage successful interactions with human beings 
[11, 12]. 

In recent years, researchers have specifically 
focused on designing human-like CAs by giving them 
a personality: first, to propose more complete 
cognitive models of CAs, and second, to propose CAs 
capable of sustaining more human-like interactions 
with people [13, 14, 15]. The Big Five model of 
personality has emerged as a standard in psychology, 
with research over the last fifty years systematically 
documenting correlations between personality traits 
and a wide range of behaviors [16, 17, 18]. The 
concept of personality is primarily of interest for CA 
designers because of the ways in which it affects actual 
behavior, and precisely since those behaviors are 
communicative, they establish a channel of social 
interaction crucial to the smoothness and effectiveness 
of a conversation [19, 20]. The domain of verbal and 
non-verbal language in which information indicative 
of personality traits can be expressed is large and 
diverse and contains modalities such as joking, 
speaking in a deep/high-pitched voice, holding a gaze 
and gesturing [21, 22], all of which can be further 
divided into numerous features [23]. Research has 
shown, that people not only prefer CAs that align with 
human behavior, such as by speech style or mimicking 
head movements [24], but are also increasingly 
attracted to CAs that adapt their personality to the 
human over time rather than maintaining a static or 
consistently similar personality [24]. 

While CA personality has been researched 
extensively in human-computer interaction (HCI) and 
a variety of studies have addressed multiple aspects of 
CA personality, existing research is scattered across 
different fields. Consequently, researchers and 
practitioners face difficulty in understanding the 
current state of the art on the design of CA personality. 
To address this gap, we develop a framework on how 
to imbue CAs with personality cues and how to 
organize the underlying range of expressive variation 
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regarding the Big Five personality traits. We aim to 
provide an overview of personality markers 
manifested in verbal and non-verbal language and 
derive implications for future studies with the 
following research question: 

 
What are existing personality cues for conversational 
agents and how to structure them? 
 
To answer this research question, we conduct a 
systematic literature review (SLR) following the 
guidelines by Webster and Watson [25]. In order to 
identify existing personality cues in CAs, we analyze 
22 publications and structure our review using a 
framework based on the Big Five model of 
personality. Our study contributes to IS research by 
providing a comprehensive overview of personality 
cues specific to the Big Five dimensions, divided into 
verbal, paraverbal and body language features. The 
systematic framework of personality cues can be used 
by practitioners to implement and test their effects in 
the design of their CAs. 

The paper is structured as follows: First, we 
introduce the foundations of personality theory and 
CAs before presenting our SLR, the results of our 
framework and the discussion of them, and ultimately, 
the paper’s contribution and limitations. The paper 
concludes with implications for further research.  

2. Research Background 

2.1 The Big Five Model of Personality  

In psychology (specifically in trait theory) it is 
assumed that people’s behavior and feelings can be 
explained to some extent in terms of underlying 
personality traits, which are regarded as specific 
features of one’s personality and are enduring 
dispositions that are relatively stable over time [17, 
18]. Multifactorial models such as the generally 
accepted taxonomy of the Big Five model have 
formalized and standardized personality traits in order 
to measure personality [26]. Compared to other 
existing personality models, the Big Five model has 
been found to be stable across cultures, as well as 
observers and has been widely used in a variety of 
disciplines [18]. Derived through factorial studies, five 
fundamental traits or dimensions have been described 
and defined for a comprehensive assessment of 
individuals:  extraversion, openness (to experience), 
agreeableness, conscientiousness and neuroticism [17, 
18].  

The trait openness (to experience) refers to the 
extent to which a person is open to experiencing a 
variety of activities, and prefers novelty over 

convention [27]. It manifests in traits such as 
creativity, imaginativeness, curiosity, and aesthetic 
appreciation. Open people are heavily invested in 
cultivating new experiences, and are described as 
original, curious and liberal [28]. People who fall at 
the other end of this factor – called the opposite pole –
are uncreative, conventional and narrow in their 
interests, conservative and sometimes rigid in their 
approach to life’s challenges and opportunities [27]. 
The second dimension – conscientiousness – refers to 
the extent to which people prefer an organized or a 
flexible approach in life, and is thus concerned with 
the way in which they control, regulate, and direct 
their impulses [28]. People who score high on 
conscientiousness are hardworking, conscientious, 
punctual, and persevering [27]. People who score low 
on conscientiousness, in contrast, tend to be 
disorganized, negligent, lazy, aimless and are likely to 
give up [29]. The third Big Five trait extraversion is 
the orientation to the outside world rather than to 
private experience. The factor thus refers to the extent 
to which people enjoy company, and seek excitement 
and stimulation. People who score high on 
extraversion tend to be affectionate, jovial, talkative, 
joiners, and fun-loving [27]. In contrast, low 
extraversion (also called introversion) scorers are 
likely to be reserved, quiet, loners, passive, and 
lacking the ability to express strong emotion [29]. The 
dimension agreeableness reflects individual 
differences concerning cooperation and social 
harmony [29]. Individuals who score in the direction 
of agreeableness tend to be trusting, generous, soft-
hearted, acceptant, and good-natured. People who 
score in the other direction are generally suspicious, 
stingy, unfriendly, irritable, and critical of other 
people [28]. Lastly, the fifth dimension, neuroticism, 
has to do with people’s emotional instability. 
Although neurosis is an almost obsolete psychiatric 
term referring to pathological manifestations of 
anxiety, neuroticism refers to a considerably wider 
range of negative emotions, including anger, sadness, 
shame, and embarrassment [27]. People scoring high 
on neuroticism can be characterized as being anxious, 
nervous, moody, and vulnerable [27].  On the other 
hand, people scoring low on neuroticism can be 
described as emotionally stable, calm and even-
tempered [28]. The Big Five personality traits are 
summarized in table 1. 
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Table 1. The Big Five Personality Traits 
Dimension High Scores Low Scores 
Openness imaginative, creative, 

original, prefers 

variety, curious, 

liberal 

down-to-earth, 

uncreative, 

conventional, 

conservative 

Conscientiousness hard-working, well-

organized, punctual, 

ambitious, 

persevering 

negligent, lazy, 

disorganized, 

late, aimless, 

quitting 

Extraversion affectionate, joiner, 

talkative, fun loving, 

active, passionate 

reserved, loner, 

quiet, sober, 

passive, unfeeling 

Agreeableness soft-hearted, trusting, 

generous, 

acquiescent, lenient, 

good-natured 

ruthless, 

suspicious,  

stingy, 

antagonistic,  

critical, irritable 

Neuroticism anxious, tempe-

ramental, self-con-

scious, emotional 

calm, even-

tempered,  

comfortable, 

unemotional 

2.2 Personality and Linguistic Cues 

The Big Five approach to the taxonomy of traits is 
based on natural language, more precisely lexical 
resources [13]. The lexical hypothesis states that most 
of socially relevant and salient personality 
characteristics have become encoded in the natural 
language [30]. Correlations between a range of 
linguistic variables and personality traits have been 
discovered by the frequency with which certain 
categories of words are used as well as the variations 
in word usage [31, 32]. Language use has been 
therefore scientifically proven to be unique, relatively 
reliable over time and internally consistent [30]. 
Accordingly, language constitutes and predicts aspects 
of personality. Psychologists have further discovered 
that people use a variety of cues depending upon the 
context [16]. However, to guide the determination of 
personality, people consistently rely a great deal on 
verbal and non-verbal cues. Mehrabian et al. [33, 34] 
developed a rule in the communication process, stating 
that personality can be expressed through verbal 
language (words), paraverbal language (tone of voice, 
pitch, volume, pace, etc.) and body language 
(gestures, posture, facial expressions, etc.). For 
example, in paraverbal language, cues such as speech 
rate range, loudness or fundamental frequency 
distinguish submissive from dominant individuals 
[35]. On all three communication levels, such 
language cues can be used to help imbue CAs with 
personalities, in order to sustain more human-like 
interactions with people [13, 14, 15]. A combination 
of these linguistic cues can further help portray a 

specific CA personality: as some contexts, for 
example in mental health care, require CAs to have a 
more emphatic and agreeable personality rather than a 
neurotic personality. Understanding how to not imbue 
a CA with specific cues in some use cases can 
therefore be helpful, too.  

2.3 Conversational Agents 

CAs are software systems designed to interact 
with humans using natural language [8]. The first CA, 
called ELIZA, was developed in 1966 [36] and 
although it was a rule-based system, it was already 
able to mimic human conversations and create 
perceptions of personality among their users. Since 
then, technology has immensely improved due to 
advances in AI and machine learning and CAs are 
implemented in many different application domains 
such as customer service, mental health care, and 
education [4, 5]. In doing so, CAs use modern natural 
language processing (NLP) techniques to be able to 
understand their users, but also to communicate in a 
natural way. Diederich et al. [9] state that CAs can take 
various forms and differ by communication mode, 
embodiment and the context in which they are used. 
Since CAs are used to interact or communicate, the 
mode of communication and embodiment determine 
the type of social cues that can be used to facilitate rich 
communication [7, 37]. These characteristics, i.e., the 
use of social cues via embodiment or communication 
mode, reflect how a CA is perceived by its users [38]. 
Basically, three types of CAs can be distinguished: 
they differ in their embodiment and communication 
mode, which are text-based CAs (i.e., chatbots), 
embodied CAs (e.g., avatars or 3D animated figures) 
and voice-based CAs (e.g., Amazon’s Alexa). 
Chatbots, i.e. text-based CAs, can primarily 
communicate via their textual language, while voice-
based CAs are considered a richer medium due to their 
additional use of voice [9]. They can transmit more 
information than a pure text-based chatbot. Another 
form of CAs are embodied CAs (ECAs), which 
additionally have a visual form, e.g. an animated 3D 
model and can therefore use body language to transmit 
further information to their users [38, 39]. In 
combination with a voice, an ECA represents a rich 
medium that can transmit a range of social cues [40, 
41]. For example, hand gestures in combination with a 
defining and louder voice can transmit more 
information than a pure text-based chatbot [35]. These 
social cues consequently influence the way the user 
perceives the CA, for example what kind of 
personality the CA reflects due to the imbued cues [7, 
15, 37, 42, 43].  
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However, it has been shown that the design of 
CAs is not only a technical challenge [7], but that 
psychological factors, which may arise from the 
choice of cues, must also be considered. This is 
because many users attribute a personality to a CA, 
which is triggered by the use of various verbal, 
paraverbal, or body language cues.  In order for 
designers and providers of CAs to better understand 
the effect that certain cues have on the perception of 
personality of their CAs, it should be clearly shown 
which cues can be used for which type of CAs to 
induce which personality traits. 

3. Method 

To identify specific cues for the manifestations of 
personality in CAs, we conducted a systematic 
literature review following the approach of Webster 
and Watson [36]. We decided to use two databases 
from different disciplines (i.e., Scopus and ACM 
Digital Library) to cover a broad range of studies in IS 
and HCI. Next, we specified the search term, that we 
constructed to correspond to our focus on CAs and 
personality and included synonyms for each term. We 
identified the following terms that are used for any 
forms of CAs: conversational agent, virtual agent, 
digital agent, conversational assistant, virtual 
assistant, digital assistant, chatbot or chatterbot. We 
combined these terms with the search criteria dealing 
 with personality traits and came up with the following 
search term in total: ABS(("conversational agent" OR 
"virtual agent" OR "digital agent" OR "conversational 
assistant" OR "virtual assistant" OR "digital 
assistant" OR chatbot* OR chatterbot* OR 
chatterbox*) AND (personality OR "big 5" OR "big 
five" OR "openness to experience" OR 
"conscientiousness" OR "extraversion" OR 
"agreeableness" OR "neuroticism")).  

The search was conducted in June 2020 and the 
search string was used to search the articles’ abstracts, 
resulting in 142 documents for the ACM digital library 
and 285 for Scopus (Scopus includes the AIS 
eLibrary). After reviewing abstracts, 335 articles were 
excluded due to limited relevance or lack of scientific 
rigor, leaving 92 articles that were analyzed based on 
their full text. After a full text analysis of the 
remaining papers, 66 papers were excluded leaving 18 
papers for a qualitative content analysis. Based on 
these papers, a forward and backward search was 
performed, resulting in the inclusion of an additional 4 
papers. This selection was based on a consensus 
agreement reached iteratively in a discussion between 
the authors. Thus, in total, 22 relevant papers were 
examined (see figure 2). The criterion for relevance 
was that the paper must cover at least one or more 

personality traits (Big Five) and apply a defined cue to 
any form of CAs (e.g. digital assistant, chatbot, etc.). 
In addition, the paper must describe the effect of a 
design feature/cue on the CA’s perceived personality. 
For example, Neff et al. [21] was found via the Scopus 
database, covers an ECA, various cues for verbal 
language and body language regarding the personality 
trait extraversion. 

We followed a deductive qualitative content 
analysis based on the aspects related to the selection 
criteria. First, we looked at what personality traits 
were considered and coded the traits according to the 
Big Five dimensions. Next, we examined the form of 
the CA (chatbot, voice assistant or ECA), and based 
on that, we identified the incorporated features or 
social cues and coded the characteristics verbal 
language, paraverbal language, and body language. 
The last step was to identify what effect the cue(s) had 
on the defined personality trait, e.g., reflecting a high 
degree or low degree of the trait. Figure 1 provides an 
overview of our systematic literature review. 
 

 
Figure 1. Process of Systematic Literature 

Review 

4. Results 

Out of the 22 papers that we analyzed to derive 
existing personality cues from, 14 studies focused on 
ECAs, while 4 studies looked more closely at chatbots 
and another 4 at voice assistants. The papers were 
published between 2000 and 2020, the majority of 
them using experiments as their methodologies. Based 
on each of the Big Five personality dimensions [17, 
18], we classified the cues into the three categories 
verbal, paraverbal and body language [33, 34]. In total, 
we identified 148 cues. The results showed that the 
fewest cues were found in the dimension openness (for 
experience), while the trait extraversion had the most 
cues on both its poles. In the following, we present the 
findings of our personality cues in detail. 

Openness (to experience). This personality trait 
was the dimension with the smallest number of cues (a 
total of 6) that we have found in our body of research. 
While cues such as wrist extension, more pronounced 
movements, increased stroke scale and more 

Keywords:
ABS(("conversational agent" OR "virtual agent" OR "digital agent" OR "conversational assistant" OR 

"virtual assistant" OR "digital assistant" OR chatbot* OR chatterbot* OR chatterbox*) AND (personality 
OR "big 5" OR "big five" OR "openness to experience" OR "conscientiousness" OR "extraversion" OR 

"agreeableness" OR "neuroticism")). 

Reviewing abstracts

Databases:
Scopus

ACM Digital Library
427 papers 92 papers 22 papers

Forward/backward
search: 4 papers

Reviewing full text
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controlled body movements [22] reflect a high score in 
openness when it comes to an ECA’s body language, 
the studies did not contain any further information on 
the trait’s opposite pole. In the category paraverbal 
language, research showed that disfluencies in speech 
[46] is characteristic for low openness, while high 
emotionality in female voice [47] is considered a 
personality cue for high openness. We did not find any 
cues regarding verbal language.  

Agreeableness. While we could not derive any 
paraverbal language cues for this dimension, the 
findings of our SLR did result into a number of body 
and verbal language cues. As for the latter, a CA can 
be imbued with verbal cues such as high verbosity, 
verb strength, content polarity [48] and affective 
expressions [49] in order to let the CA appear more 
agreeable. Further, by making more restatements [48] 
and suggestions [49] and asking more questions [49], 
a CA can also convey agreeableness. However, 
assertions, projective statements  and terse 
expressions [49] let a CA appear less agreeable. When 
it comes to body language, cues such as a tilted head 
[48] and exhibiting less of a vertical arm [22] reflect 
high agreeableness, whereas average velocity, less 
arm swivels, body disfluency, less clavicle use, 
velocity warp and less controlled body movements [22] 
are found to be cues representing a low agreeable body 
language.  

Conscientiousness. The only verbal cue found 
from the analyzed papers reflecting high 
conscientiousness is the frequent use of discourse 
markers (e.g. I mean, you know, like) [50]. No further 
information was found on how low conscientiousness 
could be reached by means of verbal language. 
However, the body language of a low conscientious 
ECA can be depicted by a less relaxed posture, body 
disfluency and a less lifted clavicle [22]. Also, 
disfluency in speech and fillers [46] portray a less 
conscientious CA. Slow speed and high emotionality 
[47] in voice are found to have a correlation with high 
conscientiousness – however, this only applies to the 
female voice [47]. 

Neuroticism. The majority of cues found for this 
trait in the studies focused on high neuroticism (rather 
than low). For example, reduction in fluency and 
making longer pauses before responding [16] are 
verbal markers for low emotional stability. For 
paraverbal language, a higher proportion of silence to 
speech and the presence of speech discontinuities [16] 
reflects high neuroticism. Furthermore, a male voice 
that speaks fast and has a low wordiness [47] has as 
well been linked to low emotional stability in 
behavior. As for the category body language, a number 
of cues have been associated with high neuroticism: 
fewer other-directed gestures and more self-directed 

gestures, more frequent shifts in posture such as 
leaning more forward or a more tense and stiff posture 
[23], as well as more non-signaling hand motions (e.g. 
scratch on the body), increased gaze aversion, 
decreased head height [16], more arm swivels, less 
controlled body movements, clavicle use and a higher 
velocity warp [22]. The only mentioned cue in the 
studies that is indicative of low neuroticism is a 
relaxed posture [22]. 

Extraversion. This trait not only has more 
linguistic cues than any other dimension, but also its 
opposite pole – introversion – has been found to have 
a lot of personality markers (combined a total of over 
90 cues). For example, introverted paraverbal 
language is achieved by disfluencies and being more 
hesitant in speech [46, 51] and a suggestive tone [52]. 
An extraverted paraverbal language on the contrast is 
reached by speaking fluidly [51], louder, with a higher 
fundamental frequency, a higher frequency range, 
with a faster speech rate [35], a more soft and friendly 
voice [53] and a rather commanding tone [52]. As for 
the category verbal language, many of the cues express 
each end of the personality dimension, i.e. either 
extraversion or introversion in terms of low and high 
settings. For example, an extraverted utterance can be 
conveyed through high verbosity, whereas low 
verbosity is perceived as more introverted [19]. 
Further markers reflecting an extraverted language are 
for example many restatements, many request 
confirmations, many emphasizer hedges [19] and the 
use of strong, confident words and phrasing [52], less 
filled pauses, less negation [19], low syntax complexity 
or high content polarity [21] and small talk [54]. A CA 
with an introverted language style, by contrast, could 
be imbued with the following linguistic markers: high 
syntactic complexity, low number of 
acknowledgements [21], formal speaking style [55], 
many filled pauses [56, 57] many negations, less 
restatements, less request confirmations [22, 58] as 
well as with timid, unassuming statements [57]. Figure 
2 in the appendix provides the framework for the 
completed list of both, extraverted and introverted 
verbal language cues derived from the SLR. As the 
majority of our analyzed studies focused on ECAs, the 
findings, thus, on extraverted and introverted body 
language cues is accordingly high (over 40 cues). For 
instance, introversion is reflected by low spatial extent 
[19], bringing the hands together in front of the body 
[59], low gesture rate, backward leaning and turning 
away [60], less use of the clavicle or a far body 
position to the interlocutor [22]. Extraversion in the 
category body language, however, is manifested for 
example in a forward chest and hands away from the 
body [60], a higher gaze amount [58], smiling [61], an 
intimate proximity level [56] and also when the elbows 
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move away from the body during gesturing [23]. 
Furthermore, an extraverted ECA could be displayed 
by a more tilted head, a higher gaze amount and 
gestures with greater frequency [58]. The complete 
framework of body language cues for the dimension 
extraversion (introversion) and further cues for all five 
dimensions can be found in figure 2 in the appendix. 

5. Discussion 

The design of CA personality has gained 
widespread attention in research and practice [7, 9]. 
However, a comprehensive overview of what 
constitutes CA personality and how to design a CA to 
exhibit certain personality traits is lacking. Our 
research addresses this gap by systematically 
analyzing existing studies and developing a 
framework of personality cues for CAs. In total, we 
identified 148 cues that were classified into three 
categories and were based on the Big Five personality 
traits. Most cues can be found for the dimension 
extraversion (and its opposite pole introversion) – 
these findings about personality cues of extraversion 
are in line with a large body of research, as this trait 
has received the most attention in linguistic studies 
[31, 62, 63]. Compared to extraversion, the remaining 
dimensions (specifically the traits openness to 
experience and conscientiousness) contain fewer cues, 
causing an imbalance in the framework. In the 
following, we discuss the contributions and 
implications of our work. 

5.1 Theoretical Contributions and Practical 
Implications 

The theoretical contributions of our work are 
threefold. First, our framework of personality cues for 
CAs provides a comprehensive overview of the 
current state of research on CA personality. While 
previous research has demonstrated that certain cues 
in the CA design lead to personality attributions 
among users [43], our framework offers a more 
holistic understanding of which cues have been used 
for which personality traits. This helps researchers to 
better position their work and identify future research 
opportunities. With our focus on personality cues, our 
framework differs from and extends previous 
research, such as the taxonomy developed by Feine et 
al. [7] or the classification provided by Seeger et al. 
[64], which examines and classifies social cues on a 
more general level without establishing a link to the 
concept of personality. Second, our framework sheds 
light on the differences between different personality 
traits and different types of cues. While extant research 

has focused on the personality trait of extraversion 
[63], mostly using verbal and body language cues, 
there are several blind spots in this research area. For 
example, our findings for extraverted paraverbal 
language cues were far less than those for the other two 
communication categories, and the dimension 
agreeableness having no paraverbal cues at all. In fact, 
cues for the category paraverbal language have been 
rather neglected throughout all five dimensions. 
Furthermore, the cues found for the personality 
dimensions openness (to experience) and 
conscientiousness are so few, that it might not be 
enough to create a holistic CA personality with them. 
While research on human-human interaction has 
shown that these types of cues also occur in verbal, 
paraverbal or body language, CA research has not 
investigated them so far. This implies that more 
studies are needed on personality traits such as 
openness (to experience) and conscientiousness, but 
also on agreeableness and neuroticism in order to close 
this research gap. Third, in our analysis, we also found 
that some results were not completely free of 
contradictions: some few cues have been found to both 
positively and negatively influence the manifestation 
of a certain personality trait. For example, using more 
filler words convey high conscientiousness in verbal 
language [50], however, less fillers in speech have as 
well been shown to correlate with low 
conscientiousness in paraverbal language [46]. This 
finding suggests that there are other contextual factors 
at play that shape users’ personality perceptions of 
CAs. This highlights the need to take users’ individual 
differences into account when studying CA 
personality.  

Our research also offers interesting practical 
implications. First, CA designers can use our 
framework to analyze their own CAs and identify 
personality cues. This could help them to identify 
possible unwanted effects on the perception of their 
CA. Moreover, designers who aim to develop a new 
CA could use our framework to give the CA a very 
specific personality that corresponds to the 
organizations’ image. For example, in a banking 
context, a different personality could be appropriate 
than in a shopping context. Our framework supports 
designers in translating these needs into concrete 
design decisions. For instance, a more formal language 
style could be used for a CA at a financial institution. 
Second, our framework highlights the need of 
practitioners to not only address the topic of CA 
personality on a superficial level. This is because even 
rather subtle cues, such as word fillers, longer pauses 
before responding, or a higher gaze amount can, for 
example, lead to perceptions of the CA as being more 
human-like.  
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5.2 Limitations 

As with any literature review, there are certain 
limitations to our work. First, although we followed 
established guidelines, our search strategy might have 
missed relevant publications. Since we focused 
specifically on CAs and studies that describe a clear 
relationship between a cue and perceived personality, 
a different approach might have resulted in a different 
framework. Moreover, due to the broad scope of our 
literature search, we identified a rather diverse set of 
papers from different domains. While some were more 
technical, other focused more on understanding user 
perceptions and treated the actual implementation of 
the CA as a black box. However, we believe that both 
approaches are valid and including their results 
increases the generalizability of our framework. 

Second, to develop our framework, we drew upon 
existing classifications of cues [33, 34] and personality 
traits [17, 18]. We acknowledge that there are different 
classifications for both, which would result in a 
different framework. However, we argue that the 
existing classifications that we used are suitable 
because they are well accepted theories and have been 
found to be stable across cultures as well as observers 
[17, 18].  

5.3 Future Research 

Our study also offers several promising directions 
for future research. First, our framework shows that 
there are several blind spots in existing research. More 
specifically, some personality traits and cues have not 
been studied yet, even though research from human-
human interaction shows their importance. Therefore, 
future research is needed to fill these gaps and provide 
a more complete picture of what constitutes CA 
personality.  

Second, one finding of our analysis was that there 
are a few inconsistent findings with regard to some 
cues. As noted before, this suggests that individual 
differences (e.g., users’ own personality) may also 
play a role [15]. Future research could extend our 
framework to also consider these individual factors. In 
addition, more empirical research is needed to better 
understand the interplay between personality cues and 
individual user characteristics (e.g., personality, 
gender, cultural background). 

Third, there are also numerous opportunities to 
apply our framework to the design of CA artifacts. For 
example, based on the identified cues, research could 
develop CAs that adapt their personality based on 
users’ personalities and their individual preferences in 
communication style. Such adaptation could be 

performed automatically by the CA or manually by its 
user. 

Finally, more interdisciplinary research is needed 
to better understand the ethical and societal 
implications of providing CAs with personality cues. 
While our framework illustrates that many cues have 
been found to lead to personality perceptions, such 
effects might not be appropriate or desired for all CAs. 
For example, these cues could also be used to 
unconsciously manipulate users in order to sell them 
products or increase their willingness to disclose 
personal information. 

6. Conclusion 

The aim of our research was to provide a 
framework of personality cues for CAs. Therefore, we 
conducted a SLR following the approach by Webster 
and Watson [25]. We analyzed 22 publications in the 
field of HCI and IS research and structured our 
framework based on the Big Five personality traits 
taxonomy. The identified cues manifesting each of the 
five personality dimensions were then classified into 
the three communication categories verbal, paraverbal 
and body language. Our framework contributes to IS 
research by providing an overview of personality cues 
manifested in verbal and non-verbal language and 
should be a useful resource for researchers and 
practitioners aiming to design CAs with a particular 
personality. While our analyzed set of papers 
contained a number of cues for all five personality 
dimensions, the results of our SLR also showed the 
imbalance of specific cues. Future research thus needs 
to fill these gaps and provide a more a complete picture 
of what exhibits CA personality. 
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