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Abstract

The rise of Large Language Models (LLMs) has ushered in a wave
of conversational search engines that allow people to engage in
dialogues with LLM-infused chatbots to seek information. As peo-
ple tend to infer personalities from digital social interactions, and
given that personality cues have been shown to affect credibility,
these perceptions of chatbot design may shape how users assess the
credibility of information in conversational search. In this study,
we conducted a controlled online study with 190 participants who
assessed conversational search results with chatbots designed to
exhibit different levels of personality traits. We found that in con-
versational search, personality can affect perceptions of credibility.
Specifically, perceived conscientiousness and agreeableness of a
chatbot can increase credibility, while perceived extraversion and
neuroticism can decrease the credibility of the information. This
research contributes to our understanding of how conversational
interfaces and their personality and persona designs can impact
credibility. We also provide design implications for conversational
search interfaces based on our findings.
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1 Introduction

Building on decades of research in dialog-based information access
[49], the advent of Large Language Model (LLM)-infused conversa-
tional agents has brought renewed momentum to conversational
search, reshaping how users interact with information systems.
Instead of typing keywords into a text box to find relevant informa-
tion as we have done with traditional search engines (e.g., Google’s
Search, Microsoft’s Bing), people can now engage in dialogues
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and use complete sentences and receive responses that are also
structured in complete sentences from conversational chatbots (e.g.,
OpenATI’s ChatGPT, Microsoft’s Bing Chat, Google’s Gemini). While
the idea of ‘conversational search’ has appeared in multiple years
of research [4, 22, 36], the implementation of conversational search
interfaces, especially in an open-domain context faced several tech-
nical challenges [55]. Addressing these technical difficulties, LLM-
powered search systems instantly gained popularity and settled in
as a prevalent system in our everyday lives. ChatGPT for example,
has attracted 1 million users within a week after its initial launch
and has about 180 million monthly active users [11]. According to
a survey with adults in the United States [14], the most prevalent
uses of ChatGPT was for information gathering (36.1%), followed
by entertainment (33.4%), and problem-solving (22.2%). This rise of
Al-powered conversational searches raises questions about how to
effectively design these interfaces.

A key design consideration for conversational agents in prior
research has been their personality [57]. Prior work has found
that imbuing personalities in conversational agent design has been
shown to influence user trust [9, 66], affection [7-9, 48, 61], en-
gagement in conversation [56, 66], and self-disclosure [24, 66]. For
example, in a sales context, by tailoring chatbot design to align with
the brand personality, consumers were almost twice as willing to
trade up to more costly options and add-on services. Consumers
mentioned that they enjoyed the ability to connect to the chatbots’
personality [29]. Also, in a mental healthcare context, where the
patients’ engagement and self-disclosure about their symptoms are
important for an effective treatment, chatbots that are designed
with a conscientious personality were able to elicit higher engage-
ment and longer responses from the patient [47].

However, while adding personalities in chatbot may help in-
crease user engagement, its use may have an inadvertent affect on
credibility for conversational search.

Information credibility, which encompasses the trustworthiness,
expertise, reliability, and accuracy of information [53], is thus cru-
cial to the success of search interfaces [65]. In interpersonal commu-
nication, a speaker’s personality has been shown to affect credibility.
For example, people’s perception of the speaker can shape their
willingness to find the presented information credible. In contexts
such as mock courtrooms, organizations, or work units, a speaker’s
conversational style, influenced by their personality, can impact
judgments about the quality and believability of the information
shared [15, 63]. As chatbots are designed to mimic human conver-
sations, personality of the chatbot may also affect credibility. As
the rise of these “intelligent” chatbots ushers in a paradigm shift
in information search, understanding how designs of the chabot
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may affect the credibility of conversational searches is a timely and
important research topic.

To advance our knowledge and to provide guidance for interface
design for conversational search, we conducted an online experi-
ment with 190 participants to explore whether chatbot personal-
ities can affect information credibility. Our findings suggest that
the information delivered by chatbots with personalities high in
conscientiousness, high in agreeableness, low in extraversion, and
low in neuroticism were perceived to have greater credibility.

In this work, we offer these following contributions: (1) we pro-
vide empirical evidence showing that the personality of the con-
versational search chatbot can affect information credibility, (2)
we advance our understanding on how different personality traits
can influence credibility and show that some personalities improve,
while other personalities reduce credibility, and (3) we offer guide-
lines and implications for conversational search design.

2 Related Work
2.1 Credibility and Trust in Chatbots

Credibility and trust, while related, are distinct constructs [59].
Credibility refers to the believability of information or advice pro-
vided by a source, whether that source is a person, system, or
process [30]. It is primarily concerned with how accurate, truthful,
and reliable the information itself is perceived to be [31]. Trust, in
contrast, is a longitudinal evaluation directed toward the source of
that information. It develops gradually through repeated demonstra-
tions of reliability and dependability, shaping the user’s willingness
to rely on the source in future interactions [52].

Trust has been a construct of much prior study for chatbots, with
research examining how design features such as anthropomorphic
elements, small talk, and embodiment in human-like forms can
increase trust and foster long-term user engagement during inter-
action [37, 40]. However, as conversational agents are increasingly
used for information search and retrieval, credibility now emerges
as a key factor in how users evaluate conversational agents. As
people now turn to conversational interfaces to find and receive
information, the question arises of how the design and use of con-
versational interactions can affect credibility. In the information-
seeking context, credibility has been shown to play an important
role in influencing user actions. For example, information perceived
as credible leads to higher intentions to share the content [51],
higher chances of the information receiver being persuaded by
the message [64], and a higher likelihood of the audience taking
action based on the information [39]. Much prior work has also
explored how the design of search engines and search result pages
can influence credibility [10, 20, 23, 34, 54].

In interpersonal communication, perceived qualities of the com-
municator, such as competence, character, extroversion, sociability,
composure, and attractiveness, have been shown to significantly
impact their credibility [5, 43, 44]. Furthermore, individual differ-
ences, including personality traits, have been found to shape these
qualities [3, 41]. Given that chatbots are designed to emulate human
interaction, it is plausible that similar dynamics apply when assess-
ing the credibility of information conveyed by chatbots. Specifically,
the perceived personality of a chatbot may play a critical role in
shaping how users evaluate the credibility of its responses.
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To address this gap, this study aims to investigate how percep-
tions of a chatbot’s personality influence the perceived credibility of
the information it provides in the context of conversational search.
This leads to the following research question:

e RQ1. Can perceptions of chatbot’s personality affect credi-
bility of information in conversational search?

2.2 Chatbot Personality and Credibility

In our work, we utilize the well-established Five Factor Model (FFM),
also referred to as the Big Five Trait Taxonomy [25, 33], to mea-
sure and study the effects of chatbot personality on credibility. The
model consists of five characteristics: conscientiousness, agreeable-
ness, extraversion, openness, and neuroticism. In this section, we
hypothesize how each personality trait may contribute to chatbot’s
credibility.

Conscientiousness includes traits relating to competence, being
organized, dutifulness, achievement striving, self-discipline, and de-
liberation [33]. These personality traits are strongly associated with
job performance, and individuals who demonstrate these traits tend
to be seen as reliable and dependable by their coworkers. This reli-
ability fosters trust, which, in turn, enhances their credibility when
sharing information [21, 50]. Also, prior studies have shown that
individuals with more conscientious personalities tend to exhibit
higher levels of competence [6, 58]. Similar effects were also found
in the chatbot context. In a study where a chatbot was designed to
act as an academic advisor, participants pointed out that chatbots
with high conscientiousness seemed more competent and rated
higher trust scores than chatbots designed with less conscientious-
ness [38]. When a chatbot was used in a mental healthcare context
to provide medical information, chatbots designed with high con-
scientiousness were perceived to be professional and give the most
useful advice [47]. Base on these prior works, we hypothesize as
follows:

e H1. Chatbots high in conscientiousness will be perceived as
higher in credibility.

Next, previous studies also suggest a positive effect of agreeable
personalities on credibility. Agreeableness includes traits related to
trust, altruism, compliance, modesty, and tender-mindedness [33].
Agreeableness plays an important role in interpersonal interac-
tions by fostering a sense of trust and rapport between individuals
[27]. For example, in a work unit environment, individuals with
agreeable personality traits easily bond with coworkers and build
stronger employer-employee trust relations [63]. Also, Fulton et
al.[21] suggests that agreeableness is a key factor in explaining
the charismatic appeal of speakers, as it contributes to the emo-
tional and relational aspects of credibility. The relationship between
chatbots’ agreeableness and credibility is relatively less explored.
However, there is evidence that agreeable personalities imbued
in chatbots can make users perceive these ‘sociable’ qualities of
credibility, significantly affecting user experiences and perceptions.
For example, when users were presented with three chatbots with
different levels of agreeableness, chatbots designed with low agree-
ableness were preferred the least to interact with among the three,
as the disagreeable chatbot was designed with antisocial language
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markers [60]. Another study suggests that users perceived agree-
able chatbots with high levels of trust because of their empathetic
behaviors [38]. Thus, we hypothesize the following:

e H2. Chatbots high in agreeableness will be perceived as
higher in credibility.

Extraversion can be explained as a personality trait character-
ized by qualities such as sociability, assertiveness, talkativeness,
enthusiasm, and a high level of activity or energy. Individuals who
are extroverted tend to seek out social interactions, enjoy being in
the company of others, and are often perceived as outgoing and
energetic. They are generally more comfortable in group settings,
are likely to initiate conversations, and often express themselves
with confidence and enthusiasm [33]. Directly, extraversion has
been considered factor of credibility [43]. Indirectly, extraversion
can also affect the attractiveness of the speaker, which in itself is
also another factor of credibility in the source-attractiveness model
[44].

In the chatbot context, while the link between extraversion and
crediblity has not been empirically shown, extraverted chatbots
are perceived to be ‘likeable’ and preferred by users. One study
compared extraverted and introverted chatbots interacting with
the user about everyday conversations, such as weekend plans, mu-
sic, books and travel. The results indicate that highly extraverted
conversational agents are generally better received in terms of so-
cial presence and communication satisfaction [2]. Volkel et al.,,[62]
studied different levels of extraverted personalities of chatbots in a
healthcare context, and found out that users preferred to interact
with an extraverted chatbot after repeated use. Participants ap-
preciated the friendly interaction experience with the extraverted
chatbot, and the human-likeliness of the conversation. These traits
contributed to the attractive style of conversation, resulting a higher
preference among the users. Here, we hypothesize that:

o H3. Chatbots high in extroversion will be perceived as higher
in credibility.

Openness describes the breadth, depth, originality, and complex-
ity of an individual’s mental and experiential life [33]. Individuals
with high in openness lead the conversation with other people by
introducing diverse topics [42]. Openness to experience is consid-
ered important in relationship building in interpersonal interactions
[35], as individuals high in openness are often seen as more knowl-
edgeable and insightful [13]. For instance, prior work has explored
personality traits of workers in work units. Researchers found out
that high levels of interaction supports proactive information ex-
change in work units, leading to higher level of trust among the
group [50]. In addition, intellectual openness contributes to the
‘competence’ quality of credibility. Along with conscientiousness,
openness is also considered as a key factor that influences one’s
competence and job performance [16]. Competent individuals are
likely to build better trust relations with colleagues, directly in-
fluencing credibility. While there has not been a study exploring
the relationship between openness and credibility in the chatbot
context, based on prior research in interpersonal contexts, we hy-
pothesize that:

e H4. Chatbots high in openness will be perceived as higher
in credibility.
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Neuroticism contrasts emotional stability and even-temperedness
with negative emotionality, such as feeling anxious, nervous, sad,
and tense [33]. Individuals with low neuroticism tend to exhibit
composure, a trait closely linked to credibility. While neuroticism
or emotional stability is a key dimension of the Big Five person-
ality model, the relationship between neuroticism and credibility
has received less attention compared to other personality traits.
In the design of chatbots for mental health, neuroticism has been
specifically excluded from studies as it is deemed undesirable [47].
Given the lack of prior work, we simply pose the following research
question:

e RQ2. Can perceptions of chatbot’s neuroticism affect credi-
bility of information in conversational search?

3 Method

3.1 Procedure

Our study sought to understand how different chatbot personalities
can affect the perceived credibility of information during conver-
sational search. We conducted a mixed experimental design with
personality trait as a between-subjects factor and personality level
as a within-subjects factor.

Participants were randomly assigned to one of five personal-
ity conditions (Conscientiousness, Agreeableness, Extraversion,
Openness, and Neuroticism). Each participant viewed three conver-
sational search exchanges—covering questions about travel recom-
mendations, cooking recipes, and movie plots (order randomized)—
all reflecting their assigned personality trait but at different levels
(high, baseline, or low). Participants were told that these exchanges
were with three different chatbots designed to answer users’ ques-
tions, but were not informed about the chatbots’ intended personal-
ity designs or that all three exchanges reflected the same underlying
trait.

After reading each information seeking exchange, participants
evaluated the credibility of the information. Following this, partic-
ipants were asked to assess the personality of the chatbot. Upon
completing all three exchanges and their respective evaluations,
participants were given an attention check question: “Which of
the following is not a question the user asked during the exchange?”.
Participants who failed to pass this attention check question were
later excluded from the data analysis.

Finally, participants provided demographic information, includ-
ing gender and age. They were also asked about their personal
experience with chatbots. This included questions about the types
of questions they typically ask chatbots and how frequently they
ask different types of questions.

Before conducting our experiment, to provide transparency to
our study and ensure reproducibility, we pre-registered our hy-
potheses on AsPredicted!. The overall procedure of our study was
reviewed and approved by the university’s human subjects division.

!https://aspredicted.org/f3m9-ctj9.pdf
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Figure 1: An overview of the process for generating stimulus
materials

3.2 Stimulus Materials

We developed our stimulus materials in two stages. First, we created
three baseline conversational search exchanges. We then systemat-
ically manipulated them to reflect different personality traits and
levels. Figure 1 provides an overview of this process.

To create the baseline exchanges, we first selected appropriate
question types for conversational search contexts. Prior research
on social Q&A sites identified six question types [28], three of
which aim to elicit preferences or personal opinions (Identifica-
tion, (Dis)Approval, and Quality). As our study targets information-
seeking scenarios whose primary goal is knowledge acquisition
and actionable guidance, rather than subjective taste or personal
value judgments, we focus on three question types that are more
representative of search tasks: Advise (“Directed at generating a
new (or specifically tailored) solution, approach, or plan rather than
locating or implementing an already existing solution. Grounded
in the questioner’s desire to inform future action”), Prescriptive
(“Directed at pursuing an already developed solution to a problem
or challenge. Grounded in the questioner’s desire to learn steps or
strategies that are known (through experience) to address or resolve
the issue at hand”), and Factual (“Directed at seeking an answer
that is objectively or empirically true, such as existing information,
data, or settled knowledge.”).

For each question type, we designed a question of general interest
that would be personally relevant to participants, while not being
heavily influenced by their prior knowledge or education level. We
developed the following questions, matching each topic with its
relevant question type:

e Question 1. (Advice-seeking question) I'm planning a trip to
Iceland. Can you advise me on five must-visit landmarks?

e Question 2. (Prescriptive question) How do I make a garlic
lemon spaghetti?
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® Question 3. (Factual question) What is the plot of Song of
the Sea?

We then used GPT-4 to generate responses to these three ques-
tions. In the prompt, we specified that responses should not ex-
ceed half a page in length to prevent exchanges from being overly
long while also ensuring consistency in length across conditions,
thereby controlling for the potential influence of text length heuris-
tics on perceived credibility [12]. These three question-response
pairs served as our baseline condition.

Next, using the three baseline exchanges as starting points,
we systematically created personality-manipulated conditions. In-
spired by previous work demonstrating that GPT models can suc-
cessfully reflect assigned personality traits [32], we prompted GPT-4
to rewrite the response to reflect either high or low levels of one
of the Big Five personality traits, while preserving the factual con-
tent. Although the Big Five are conceptually independent from
each other, most studies suggest that there are small-to-moderate
associations between them [19]. We chose to manipulate one trait
at a time while allowing the other traits to be implicitly generated
by the model, as this approach could more naturally simulate con-
versational behaviors that reflect the interplay of traits typical of
individuals high or low in the manipulated trait.

We used the following prompts to generate the personality vari-
ations:

[Q1/Q2/Q3 chatbot response] Return this information like a
person who has a personality [high/low] in [Conscientiousness/
Agreeableness/Extraversion/Openness/Neuroticism].

This manipulation created 30 additional exchanges (3 question
x 5 personality x 2 levels). Combined with the three baseline ex-
changes, we used 33 conversational search exchanges in total for
our study. The exchanges used in the experiment are provided in
the Supplementary Materials.

3.3 Measures

The primary outcome of interest is information credibility. Using
scales developed in prior work [18], participants were asked to rate
perceptions of the information on 7-point scales ranging from 1 =
“not at all”to 7 = “extremely” for believability, accuracy, trustworthi-
ness, bias, and completeness. This credibility measure demonstrated
high internal reliability (Cronbach’s a = 0.85).

For the personality assessment, we use the Ten-Item Personality
Inventory (TIPI) [26], which is a brief measurement of one’s per-
sonality based on the Big Five. Participants were asked to rate the
chatbot’s personality and their own personality on a 7-point scale
(e.g., ‘T see the chatbot as extroverted and enthusiastic,”) where par-
ticipants rated their agreement with this statement from 1-disagree
strongly to 7-agree strongly. Each personality trait is assessed by
two questions in the TIPL

3.4 Recruitment & Participants

We conducted a power analysis using an effect size of 0.30, a signifi-
cance level of a of 0.05, and a desired power of 0.70. The calculated
minimum sample size was N = 181. Based on the power analysis
[17], we initially recruited a rounded-up number of the minimum
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required sample size to ensure sufficient data. We recruited 200 par-
ticipants through an online survey platform, Prolific?. Individuals
18 years or older, and fluent in English, were eligible to participate
in the survey. For the data analysis, we excluded the responses of
participants who failed to pass the attention check question. The
final sample consisted of 190 participants (90 female, 95 male, 4
non-binary, 1 preferred not to answer), aged between 18 and 65,
with most (86.3%) aged between 18 and 34.

3.5 Data Analysis

3.5.1 Manipulation Check. To ensure that our personality manip-
ulation was effective, we conducted a manipulation check prior
to the main analyses. Specifically, we tested whether participants
perceived the high-level condition as higher than the baseline, and
the baseline higher than the low condition. As the Shapiro-Wilk
test indicated that our data did not follow a normal distribution,
we conducted post-hoc pairwise comparisons using the Wilcoxon
signed-rank test with Bonferroni correction for multiple compar-
isons.

Our results show that across all dimensions, the high condition
indeed resulted in higher rated personality trait compared to the
low condition (Conscientiousness: W = 8.50, p < .001; Agreeableness:
W =12.00, p < .001; Extraversion: W = 13.50, p < .001; Openness:
W =17.50, p < .001; Neuroticism: W = 35.00, p < .001).

The baseline conditions, however, though was generally rated
between the high and low conditions, was sometimes not statisti-
cally different from the high and low. In the case of neuroticism,
it even resulted in a lower perceived neuroticism compared to the
low condition.

3.5.2  Analyses Approaches. Due to our manipulation check show-
ing that the baseline condition was not consistently perceived to
be in between the high and low conditions, we chose to first test
our results focusing on comparing the high condition from the
low condition — the two sets of conditions where we did observe
significant differences in perceived personalities. This allows us to
explore whether the higher personality trait conditions resulted in
a different credibility perception compared to the lower personality
trait conditions. For each of the personality traits, we compared the
high and low conditions using the Wilcoxon-signed rank test.

In addition to comparing the manipulated conditions directly, we
also explored using participants’ perceived personality ratings as a
predictor of credibility. We employed a linear mixed-effects model
using participants’ credibility ratings as the dependent variable,
and the fixed effects included the five perceived personality traits
(Openness, Conscientiousness, Extraversion, Agreeableness, and
Neuroticism), question type, and word count. Participant ID was
included as a random intercept to account for individual differences
and repeated measures within participants. This model offers sev-
eral benefits compared to the former approach of simply comparing
high and low conditions. First, it uses participants’ perceived credi-
bility ratings rather than relying on the manipulations—allowing
us to examine the direct effect of perceived credibility. Second, it
allows us to test the perceived credibility ratings in a single model.
It is possible that when manipulating one personality trait, another

Zhttps://prolific.co
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personality trait may also have been influenced. This model allows
us to statistically test and control for the effects of all personality
traits. Additionally, given the potential correlations among the Big
Five traits, we assessed multicollinearity among the personality
predictors using pairwise correlations and variance inflation factors
(VIFs).

However, as we will show, while we employed two different
approaches in our analyses, the resulting findings between the two
approaches were fairly consistent and shows similar effects.

4 Results
4.1 Credibility Differences Across Personality
Levels

For Conscientiousness, credibility ratings were significantly higher
for the High level (M = 5.57) than for the Low level (M = 3.85) (W =
0.00, p < .001). This result confirms H1. Similarly, for Agreeableness,
the High level (M = 4.83) was rated as significantly more credible
than the Low level (M = 3.81), (W = 112.00, p < .001), as predicted
in H2.

In contrast, the opposite pattern was found for Extraversion and
Neuroticism. For Extraversion, credibility was significantly higher
in the Low level (M = 5.34) than in the High level (M = 4.71),
(W =117.50, p = .031), contrary to H3. Similarly, for Neuroticism,
the Low level (M = 5.20) was rated as significantly more credible
than the High level (M = 4.58), (W = 166.00, p = .015). For Openness,
there was no significant difference between the High (M = 4.87)
and Low levels (M = 5.06), (W = 260.50, p = .372), providing no
support for H3.

4.2 Predictors of Credibility

Similar to our analyses between high and low conditions using
Wilcoxon-signed rank test, our mixed-effect linear regression model
testing the perceived personalities as predictors revealed similar
effects of personality on credibility. We again found that conscien-
tiousness to positively predict credibility (f = 0.443, SE = 0.037,
t = 12.116, p < 0.001), confirming H1. Similarly, agreeableness
positively influenced credibility (f = 0.120, SE = 0.035, ¢ = 3.412,
p < 0.001), confirming H2. On the other hand, contrary to H3,
extraversion negatively predicted credibility, although the effect
was weaker compared to other traits (§ = —0.059, SE = 0.031,
t = —1.885, p = 0.06). Though not hypothesized, neuroticism
also had a significant negative effect on credibility (f = —0.185,
SE = 0.043, t = —4.289, p < 0.001). Finally, we did not find openness
to significantly predict credibility (H4 not supported, p = 0.306).
Multicollinearity diagnostics indicated low correlations among the
personality predictors (all VIFs < 2.6), suggesting that the estimated
effects were stable.

When examining our control variables, we also saw that the
question type (factual) had a significant effect on credibility. Specifi-
cally, participants found chatbot responses for factual questions less
credible compared to other question types (f = —0.266, SE = 0.080,
t = —3.317, p = 0.001). The word count or the length of the text did
not have an effect (f = 0.001, SE = 0.001, t = 1.054, p = 0.292).

Overall, please refer to Table 1 for a comparison of results be-
tween the two analyses.
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Table 1: Summary of Credibility Ratings and Linear Regression Results by Personality Trait

Traits Personality Levels Testing (Effect size) Linear Model Coefficient Hypotheses
Conscientiousness (H1) Mpigh = 5.57 > MLow = 385 (r=.87) 0.443"" Confirmed
Agreeableness (H2) Mpigh = 4.83 > Mpow = 3817 (r=.63) 0.120" Confirmed
Extraversion (H3) Mpow =5.34 > My = 471" (r = .40) -0.059 Disconfirmed
Openness (H4) MHigh = 4.87 = MLow = 5.06 (r=.15) -0.035 No support
Neuroticism MLow =5.20 > Myigp =4.58  (r = .41) -0.185"" -

5 Discussion

Our findings offer empirical evidence showing that personality of
the chatbot can significantly influence the perceived credibility of
the information it provides. Furthermore, we found that the various
chatbot personality traits can have different effects on credibility.
Perceived conscientiousness and agreeableness of a chatbot can
increase credibility, while perceived neuroticism and extraversion
can decrease the credibility of the search results.

Chatbot personalities perceived as conscientious and agreeable
positively affect credibility, likely due to underlying psychological
mechanisms that align with theories established in individuals’ per-
sonality and credibility. Conscientiousness, which is characterized
by traits such as competence, professionalism, and expertise is often
linked to perceptions of responsibility and dependability, as seen
in interpersonal interactions [33]. This fosters trust, as users are
more inclined to believe that a conscientious chatbot is providing
well-considered and accurate information. Our findings align with
and extend prior work suggesting that conscientiousness enhances
perceived expertise and trustworthiness in both human [6, 58] and
chatbot contexts [38, 47]. Similarly, the positive effect of agreeable-
ness on credibility may stem from the fact that agreeableness is
associated with sociability, empathy, and warmth, which likely pro-
motes a supportive and pleasant atmosphere during interactions
between users and chatbots. This interaction dynamic could drive
users to trust and value the information more. Our results support
previous studies indicating these mechanisms are at play in chatbot
interactions [27], and suggest that carefully designing for these
personalities can have tangible effects on the overall efficacy of the
conversational search interface.

However, not all our hypotheses were supported by our empir-
ical data. We had hypothesized that extraverted chatbots would
be perceived as more credible due to their engaging and relat-
able communication style, which mirrors how people are often
attracted to and enjoy interacting with extraverted individuals in
interpersonal settings [45]. On the contrary, our findings revealed
the opposite effect — extraversion actually decreased the perception
of credibility in chatbots. One possible explanation could be the
expectations users hold when interacting with a chatbot versus a
human. In human-to-human interactions, extraversion might be
linked to warmth, likability, and trustworthiness, enhancing the
perception of credibility. However, in human-chatbot interactions,
extraversion may not translate identically. The highly social and
energetic behaviors typical of an extravert might lead users to ques-
tion the chatbot’s reliability, potentially undermining the chatbot’s
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perceived credibility. However, further investigation is required,
given that extraversion has long been included as an important
component of credibility explained in interpersonal communication
[43].

While we did not hypothesize any relationships between neuroti-
cism and credibility due to the limited prior work, as it is often less
considered in chatbot design due to it being perceived as a negative
trait [47], as agents are typically designed to be supportive of the
user’s inquiries. Our empirical data does support this overall nega-
tive perception of neuroticism [46] and showed that neuroticism
can decrease credibility perceptions. Lastly, in our experimental
setting, openness did not significantly predict credibility. Our hy-
pothesized relationship was neither supported nor disconfirmed.
More research is needed to confirm the hypothesized link between
openness and credibility.

Although not hypothesized, from the main model, we found a
significant negative effect of factual questions on credibility. Com-
pared to other question types, factual questions were considered
less credible. One potential explanation may be that for the factual
questions, people prefer more direct and succinct responses, as
suggested in prior work [1]. Unlike advice-seeking or prescriptive
questions, which might allow for more subjective or personalized
responses in participants’ expectations, factual questions may likely
expose gaps between expectations and the response quality. Any
perceived inaccuracies, lack of detail, or overly generic responses
may have disproportionately reduced credibility for this question
type. These factors could collectively explain why credibility was
rated lower for factual questions. However, more research will be
needed to explore this further.

5.1 Implications for Credible Conversational
Search Interfaces

Given the importance of credibility in the information search con-
text, our findings and the GPT model manipulations provide several
design considerations for developing chatbots in conversational
search, and chatbot design in general.

Our comparison between high- and low-conscientious chatbots
revealed that the high-conscientious chatbot provided longer, more
detailed responses, with an average word count of 208 compared
to 141 for the low-conscientious chatbot. Upon closer examination,
this difference was not due to verbosity but because the consci-
entious agent provided more information in their response. For
instance, when providing a recipe, it offered alternative ingredient
options, such as “8 oz spaghetti (whole wheat for a healthier option),”



Understanding the Effects of Conversational Agent Personality on the Credibility of LLM-Based Conversational Search

while this additional information was not observed in any other
responses. Additionally, the high-conscientious chatbot presented
information in a clear and organized manner. In the recipe example,
it gave precise instructions with exact measurements and explicit
timings for each step. This contrasts with the low-conscientious
response, which provided more casual, approximate instructions,
such as, “Garlic, chop up a few cloves” and “Boil it in salty water ‘till
it’s not crunchy”, without much attention to detail. Furthermore,
conscientious chatbots offered proactive guidance by anticipating
user needs, such as reminding users to reserve tours in advance.
This guidance was absent in the low-conscientious responses. In
addition, the high-conscientious chatbot focused solely on the in-
formation, avoiding unnecessary remarks or emotional responses.
Unlike other exchanges that started with an emotional response
or a welcoming comment, the conscientious response would start
with phrases like “Certainly” or “Absolutely” directly addressing
the user’s query without adding extraneous comments. These dis-
tinctions highlight how designers may enhanced the perceived
conscientiousness of the chatbot’s, by providing richer, more struc-
tured, and informative responses.

To design for credible conversational interface, we may also con-
sider imbuing agents with agreeable personalities. Based on the
generative models’ manipulations, this can be achieved by using
positive affirmations, empathetic language, and encouraging state-
ments in the responses. For instance, when responding to a query
about a movie plot, an agreeable chatbot provides a supportive and
enthusiastic view of the movie. The chatbot uses affirming phrases
such as, “Tt’s wonderful how the film weaves in all these elements from
Irish mythology”. These expressions not only deliver the necessary
information but validate the user’s emotions, creating a sense of
connection and positive reinforcement. In contrast, a disagreeable
chatbot tends to take a more detached and skeptical tone in the
response. Instead of affirming the user’s perspective, the response
includes statements such as, “The whole thing’s a lesson in why it’s
not a waste to care about old myths.” These responses may down-
play the emotional depth of the film, leading to search results that
discourages the user. Thus, implementing prosocial and positive
responses can help users perceive the chatbot response as more
credible.

As for neuroticism, we observed that the highly neurotic chat-
bots frequently added questions such as “okay?”, “you know?”, or
“right?”, which may have reduced users’ perceived confidence in
the chatbot’s responses. Additionally, we noticed that the neurotic
chatbots would express concerns when, for example, providing a
recipe, adding unnecessary worries at each ingredient and step,
further generating doubtful responses. These behaviors stand in
contrast to emotionally stable chatbots, which used more assertive
language when providing responses. To maintain credibility, we
recommend avoiding language markers that suggest uncertainty
or concern, ensuring that chatbots communicate with confidence,
emotional stability, and clarity throughout their interactions.

While focused on the conversational search context, our find-
ings should also generalize to design of chatbots broadly. But this
also raises the importance to acknowledge the potential misused of
our findings—chatbot personalities may be manipulated to increase
people’s credibility perceptions when the information is of low in-
tegrity. It may be useful to integrate our findings into digital literacy
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efforts. By becoming more informed about these design strategies,
users may more critically assess the trustworthiness of information
provided by such systems and navigate their interactions more
effectively.

5.2 Limitations and Future Work

While our study provides empirical insights into the effects of
interface design on perceived information credibility, limitations
and unanswered questions remain for future research. One key
limitation is that to maximize experimental control, we chose to
present screenshots of question and answer interactions, as opposed
to allow participants to interact with the conversational searches
directly. This may have undermined the ecological validity of our
work and future work should extend our study to more interactive
settings.

Our study design could also be extended to different question
domains. While we focused on question types related to everyday
life, future research could explore high-stakes scenarios or topics
requiring specialized knowledge, such as medical inquiries or finan-
cial advice. Furthermore, our findings suggest that question type
significantly influences perceived credibility. Would these results
differ if factual questions pertained to different topics or domains?
Investigating this possibility could expand our findings in specific
search contexts.

6 Conclusion

In this paper, we explored the impact of interface design on the effi-
cacy of conversational search engines, focusing on chatbot person-
alities and credibility. To investigate this, we conducted an online
experiment with 190 participants, manipulating chatbot dialogues
based on Big Five personality traits. Our findings revealed that
chatbots designed with personalities high in conscientiousness
and agreeableness, and low in extraversion and neuroticism, were
perceived as more credible. These results offer empirical evidence
contributing to a more nuanced understanding of how personality-
driven design can affect conversational search results. Also, our
work demonstrates the feasibility of using generative Al to create
tailored interface and offers practical guidelines for designing more
credible conversational search systems.
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