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Abstract
Choosing a career and educational path is a challenging decision
for young people. Career planning conversational agents (CAs) can
assist by identifying suitable occupations and educational paths.
Trustworthiness is an important dimension for the acceptance of a
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career planning CA and is influenced by several factors. We con-
ducted a user study with n=114 participants across three schools
in Germany to explore the trustworthiness of different career plan-
ning CAs. We examined the correlation between trustworthiness
and perceived competence, autonomy, and social relatedness from
self-determination theory (SDT), as well as the explainability of in-
teractions and several usability dimensions of the assistants. These
dimensions included the ability to guide the conversation, onboard-
ing quality, error tolerance, and information relevance. We tested
three different variants of the career planning assistant: a form-
based assistant, an intent-based CA, and a large language model
(LLM)-based CA.The results showed that the LLM-based CAwas on
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average significantly more trustworthy and was perceived as more
explainable than the intent-based CA. Key trust factors included
conversation flexibility, chatbot credibility, intent recognition, and
maintenance of a secure conversation. Additionally, perceived
autonomy was crucial for trust across all types of assistants and
perceived relatedness for the two CAs. Our findings highlight key
areas essential for developing trustworthy CAs.

CCS Concepts
• Applied computing → Education; • Human-centered com-
puting → User studies; Natural language interfaces.

Keywords
Trustworthy Artificial Intelligence, Self-Determination Theory, Us-
ability, Explainable Artificial Intelligence, Career Planning Conver-
sational Agents
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1 Introduction
Deciding on a professional career and the associated educational
path is an important and difficult decision for young people. It has
far-reaching consequences for their entire life and should be well
thought out. Once an educational path has been taken, it is anything
but trivial to take a different direction. Career decisions are made
even more difficult by the fact that young people do not yet know
exactly what they would like to do in the future. It is possible that
some individuals may already be aware of their future career path,
although they may hold a misconception about it. There are also
external influencing factors such as parental expectations, advice
from friends or role models experienced in the media. When young
people try to gather information about their future profession, they
are overwhelmed by the immense range of offers.

One solution could be the use of career planning conversational
agents (CAs), i.e., text-based chatbots, that help to identify the
best occupation and associated educational path. Career planning
CAs could have access to potentially a lot of career data, such
as occupations, degree programs, apprenticeships, etc., and could
navigate a student through the many pathways of the educational
system.

CAs are in general perceived less judgmental than a human in-
terlocutor. This increases the willingness to disclose towards a CA
[1]. It further makes a conversation about future educational paths
possible that parents, for instance, will not understand. Addition-
ally, when the interaction with a CA feels anonymous, this leads to
increased self-disclosure [2]. Regarding career planning, students
are encouraged to engage in open dialogue with the CA, exploring
fundamental values and ideas, leading to better recommendations
for possible careers and educational paths. In addition, a social

connection can be created between the human and the chatbot,
which has a positive effect on trust [3].

CAs are available in various forms, each with their own advan-
tages and disadvantages. Intent-based chatbots are often based on
a machine learning (ML) model that classifies the user input accord-
ing to a predefined set of user intents and selects the most suitable
dialog based on this [4]. The answer of the CA is usually not gener-
ated but selected from a set of predefined answers. This type of CA
permits a highly structured dialogue and a high degree of control
over the output. The major disadvantage is the lack of flexibility
in the dialog. If a user makes an input that is not recognized or
incorrectly recognized, the conversation usually either stops or a
fallback mechanism is activated. With intent-based CAs, it is not
possible to have an open conversation, nor can a user response be
actively deepened by the chatbot with follow-up questions.

CAs based on a large language model (LLM) offer a solution
to this problem. They typically do not use an intent classification
component. Instead, the response is generated directly from the
input with the help of an LLM. The behavior of the CA can be
controlled and adapted by prompt engineering [5]. The strengths of
LLM-based CAs are manifold. The conversation is error-tolerant, as
in principle a response is generated for every input. Open conversa-
tion is also possible, as LLMs have been trained on a huge amount
of textual data and can therefore pick up a lot of information from
the real world and generate their responses accordingly. It is even
possible to change the behavior and personality of the LLM using
suitable prompts [6], which makes it possible to tailor responses
to the individual needs of the user. Another characteristic is that
LLMs try to explain and justify generated answers which makes
the conversation even more human-like. Due to this resemblance,
we pose the hypothesis that an LLM-based CA is perceived as more
trustworthy than an intent-based CA.

The first impression of the CA is of particular importance to
convey trustworthiness [7], as the CA is only consulted once or at
most a few times by a person. Trust in this case is not built up over
a longer period of time and characteristics that are immediately
perceptible are of high importance. The work of van der Werff et al.
[8] provides a model that describes initial trust in a human-human
workplace relationship. In this model, initial trust is determined by
three factors:

• The trust propensity of the trustor,
• The perceived trustworthiness of the trustee, and
• The motivation of the trustor to trust the trustee.

The motivation to trust someone is described by the attributes
competence, autonomy and relatedness from self-determination
theory (SDT) [9]. Competence describes how competent people per-
ceive themselves which is related to mastery. Autonomy describes
the perception of not being dependent on something or someone
else and how independent decisions can be made. Relatedness is the
perception of being connected with others and is related to social
support. In the model from van der Werff et al. [8], the motivation
to trust someone depends on how competent, autonomous and
socially related a person feels towards another person. Applied to
the interaction with a CA, this could mean that if a person feels
competent in dealing with the CA, can behave autonomously and
establishes a social connection with the CA, that person would
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have a higher motivation to trust the CA. We investigated the role
of SDT attributes in the different CAs and how they relate to trust.

For the development of a trustworthy CA the usability is funda-
mental. Therefore, we conducted comparisons on various usability
characteristics including the perceived level of guidance, the qual-
ity of the onboarding process, error tolerance, and the relevance
of the information provided in the context of a user study. We
further investigated the correlations of usability characteristics
and trustworthiness of the CA to identify the key areas for the
implementation of trustworthy CAs.

Trust is often hindered by the lack of transparency in the
decision-making process of artificial intelligence (AI) systems, of-
ten referred to as a black box. To address this issue and establish
trust, methods are being developed within the field of explain-
able AI (XAI) to provide insights into how AI systems arrive at
their decisions, enabling users to better understand their behavior.
LLM-generated responses often contain justifying and explanatory
phrases that resemble human reasoning, which is why we hypoth-
esize that LLM-based CAs are perceived as more explainable than
intent-based CAs.

2 Related Work
Several career planning CAs have been developed to assist users
in making informed educational and vocational decisions, lever-
aging various technologies and theoretical frameworks. Chatbot
E-Orientation utilizes John Holland’s RIASEC typology, analyzing
the answers to questions categorized using AI into six personality
types to guide students entering the job market [10] [11]. D’Silva’s
chatbot offers psychometric tests (the “big 5 test” and the RIASEC)
and emotional state assessments, providing personalized job recom-
mendations and skill-building resources recorded in an E-portfolio
[12]. Nair’s chatbot, based on the Rasa framework [13], predicts
user interests and recommends courses and colleges through a psy-
chometric engine [14]. The Intelligent Career Counseling Chatbot
(ICCC), designed for 10th and 12th-grade students, utilizes various
algorithms to provide career guidance and educational support to
the ones interested in Computer Science and Information Tech-
nology, focusing on a very user-friendly interaction [15]. In the
same direction, ITCareerBot integrates a context-aware knowledge
base and a recommendation method to offer personalized career
advice, tailored learning paths, and course resources, enhancing
users’ career development and educational journeys in the IT area
[16]. Talib’s team implemented an AI-oriented career guidance
system using LLM to offer personalized advice based on academic
performance, interests, and career aspirations. Some initial tests
were done with Moroccan students and showed high user engage-
ment, positive feedback, and high satisfaction [17]. Sharma et. al.
presents an AI-based deep learning chatbot for career and personal
mentorship that offers anonymous, tailored guidance to students
but requires ongoing improvements due to its dependency on small,
pre-defined datasets and lack of emotional intelligence [18]. From
the papers mentioned, it was noted that the majority of career plan-
ning CAs do not use LLMs, and most of these assistants have not
been tested with users yet, especially on trustworthiness. A Wizard
of Oz study has already shown that a high level of explainability

in conversational agents has a positive effect on trust and accep-
tance, although in this case it was not studied specifically a career
planning CA [19].

3 Methodology
In the following subsections, we delineate our methodology con-
cerning the establishment of the experiment and the execution
of measurements utilizing structured questionnaires focused on
behavioral observations and self-assessment.

3.1 Experimental Design
A between-subject design, where participants were randomly as-
signed to one of three groups, was developed. The reference assis-
tant is form-based, yet a typical format for career planning. The
second and third assistant are CAs, the second intent-based and the
third LLM-based. The three assistants have the task of collecting
information about a participant’s future career ideas, interests, and
skills. Specific characteristics for the assistants are described in
Table 1.

All assistants follow the same basic flow of interaction. After
a welcome, the participants are asked whether they already have
an idea of what a future job might look like. If so, they are asked
to describe it in as much detail as possible. If not, they are guided
through an assessment process to talk about their strengths and
weaknesses. This assessment is based on questions inspired by
the RIASEC assessment. In both cases, a user profile is compiled
from the interaction. The user profile is then used in the same
way by the three assistants to provide two occupation recommen-
dations. The participant can either select one of the occupation
recommendations or indicate that none of the recommendations
are suitable. The choice is made by clicking on buttons. If none
of the suggestions are considered suitable, the participant is asked
further questions relating to their skills. The set of skill questions
for the control group and for the first treatment group were fixed
and set beforehand, while for the second treatment group they were
generated in real-time by the assistant. The user profile is then
updated with the answers made in response to the skill questions.
Based on this information, two new occupations were proposed.
Upon selecting a recommended occupation, participants have the
option to choose a preferred occupational location. Subsequently,
one or more educational pathways are calculated and displayed,
outlining actual educational steps at specific universities or general
apprenticeships in Germany. The participants completed a ques-
tionnaire after the experiment. The questionnaire is described in
section 3.3.

The form-based assistant collects data through a form, while
both the intent-based CA and the LLM-based CA use a chat, lead-
ing to conversational interfaces for the latter two. Error tolerance
is high for the form-based assistant as the data collection flow is
controlled by buttons, low for the intent-based CA as it uses fallback
mechanisms when an intent cannot be determined, and high for
the LLM-based CA because it always generates a response. The
form-based assistant does not provide dynamic responses, while the
intent-based CA offers predefined responses, and the LLM-based
CA generates responses. Only the LLM-based CA supports open
conversations due to its response generation capabilities. For the
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Table 1: Summarized view of the implemented characteristics across the CAs

Characteristic Form-based Assistant Intent-based CA LLM-based CA

Data collection Form (mandatory fields) Chat (intents and slots) Chat (Named Entity
Recognition)

Conversational interface No Yes Yes
Error tolerance High (implicit) Low (fallback) High (generative)
Response type None Predefined Generative
Open conversation No No Yes
Adaptive conversation No No Yes
Interests and needs assessment Predefined RIASEC questions Predefined RIASEC

questions
Guiding RIASEC prompts

Skill Assessment Predefined skill questions Predefined skill questions Guiding skill prompts
End of Conversation Form Stories and rules Fixed number of iterations
Interaction flow Buttons Chat input and buttons Chat input and buttons
Assistant behavior Form Intents, stories and rules Prompts
Actively driven Conversation No Yes Yes
Guidance Form Stories and rules Guiding prompts

same reason it is the only assistant that provides an adaptive conver-
sation, where the response is generated considering the user input
(and is sometimes repeated in the response). For assessing interests
and needs, the form-based assistant and the intent-based CA use
predefined RIASEC questions, while the LLM-based CA is prompted
to generate RIASEC questions. The same procedure was chosen for
the skills questions. The end of the interaction with the form-based
assistant is determined by the end of the form, in the intent-based
CA designed stories and rules define the end and in the LLM-based
CA the interaction ends after a fixed number of iterations of user
input and CA response. The flow of interaction in the form-based
assistant is controlled by button clicks while in the intent-based
and LLM-based additional chat inputs are made. The intent-based
CA and the LLM-based CA actively drive conversations based on
predefined dialogs for intent-based and specific prompts that guide
the conversation in preferred directions for LLM-based CA. In the
form-based assistant there is no active guidance. The structure of
the form itself implicitly defines the guidance.

3.2 Behavioral Measurement
Various metrics were collected to investigate the interaction with
the CAs. The average length of user input was calculated as the
average number of characters entered per input. Every interaction
with the assistant was time-stamped. From this the total time of
interaction was calculated.

3.3 Self-Report Measurement
The participants completed a questionnaire after the experiment
regarding participants’ experiences and perceptions of the CA and
covered trustworthiness, SDT, usability and explainability. All items
in the questionnaire were assessed using a 5-point Likert scale
with value “Strongly Disagree” on the left extremum and “Strongly
Agree” on the right extremum without additional descriptions in
between. All measured constructs are reported with Cronbach’s U .

3.3.1 Trust and Self-Determination Theory. The questionnaire from
[20] was used for the self-assessment of trust in the CA (e.g., “The
assistant is trustworthy.”, U = 0.64). The technology-based experi-
ence of need satisfaction-interface questionnaire (TENS-Interface)
[21] was employed to evaluate how the interface influenced partici-
pants’ perceived competence (e.g., “I feel very capable and effective
using the assistant.”, U = 0.64) and autonomy (e.g., “I feel under
pressure from the assistant.”, U = 0.56), in using the assistant. Given
that the interface did not generate any sense of social relatedness
with others, this aspect was excluded from the questionnaire. In-
stead, the focus was on understanding how the interface altered
the perception of the CA as a person, known as anthropomorphiza-
tion. Anthropomorphization was assessed using a questionnaire
adapted from [22] (e.g., “The conversation with the assistant was
not artificial”, U = 0.85).

3.3.2 Usability. The usability of the assistants was assessed using
the bot usability scale (BUS) [23] which was reduced to the dimen-
sions Ease to start a conversation (Start), e.g., “It was clear how
to start a conversation with the assistant” (U = 0.89), Expectation
setting (Expectation), e.g., “It is clear to me early on about what the
assistant can do.” (U = 0.68), Flexibility and communication effort
(Flexibility), e.g., “I had to rephrase my input multiple times for the
assistant to be able to help me.” (U = 0.66), Ability to maintain a
themed discussion (Maintain), e.g., “The assistant maintained a rele-
vant conversation.” (U = 0.78), Users’ privacy and security (Secure),
e.g., “I believe that this assistant maintains my privacy.” (U = 0.75),
Recognition and facilitation of users’ goal and intent (Recognition),
e.g., “The assistant was able to guide me to my goal.” (U = 0.90),
Relevance of information (Relevance), e.g., “The assistant provided
relevant information as and when I needed it.” (U = 0.90), Maxim of
quantity (Quantity), e.g., “The assistant only gives me the informa-
tion I need.” (U = 0.83), Resilience to failure (Resilience), e.g., “The
assistant explained gracefully when it could not help me.” (U =

0.75), Understandability and politeness (Understand), e.g., “I found
the assistant’s responses clear.” (U = 0.81), Perceived conversational
credibility (Credibility), e.g., “I feel like the assistant’s responses
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Table 2: Statistical distribution values for trust, explainability and SDT variable across the three assistants; SD in brackets

Assistant Explainability Trust Competence Autonomy Relatedness

Form-based 0.73 (0.18) 3.48 (0.58) 3.67 (0.80) 3.42 (0.68) 2.87 (0.92)
Intent-based 0.72 (0.17) 3.32 (0.81) 3.74 (0.70) 3.45 (0.66) 2.88 (0.93)
LLM-based 0.80 (0.17) 3.65 (0.72) 3.93 (0.60) 3.46 (0.74) 2.97 (1.14)

Table 3: Correlation summary of the SDT variables on trust and explainability across the three assistants.

Assistant Variable Competence Autonomy Relatedness Explainability

Form-based Trust 0.52** 0.34* 0.19 0.36*
Intent-based Trust 0.44** 0.36* 0.44* 0.14
LLM-based Trust 0.25 0.46** 0.34* 0.25
Form-based Explainability 0.57** 0.39* 0.46**
Intent-based Explainability 0.2 0.1 0.63**
LLM-based Explainability 0.42** 0.43** 0.74***

Note: * p < .05; ** p < .01; *** p < .001

were accurate.” (U = 0.85), Speed of answer (Speed), e.g., “The time
of the response was reasonable.” (U = 0.88).

3.3.3 Explainability. The system causability scale (SCS) [24] was
used to evaluate the explainability of the CAs (U = 0.87). The scale
is inspired by the system usability scale (SUS) and consists of ten
questions on a 5-point Likert scale. The final score is calculated by
adding up all values of the single items and dividing them by the
maximum score possible. The aim of the SCS is to quickly assess
the explainability of an interface. One item was removed as it was
not relevant to our application.

3.4 Data Collection
The experiment was conducted with three schools in two different
federal states in Germany with a total of N=114 participants (46
male, 67 female, 1 not specified). The participants took part in a
workshop on AI and were able to test one of the assistants [25]. All
participants came from 8th, 9th or 10th grade and were between 14
and 17 years old. The participants were distributed across the three
groups according to gender, so that each group roughly consisted
of 60% female and 40% male participants.

4 Results
This section provides an overview of the analyses of the collected
data. Significance tests and correlation tests are used, which are
applied to the selected dimensions such as trust, SDT variables,
usability and explainability.

4.1 Trust, Explainability, Competence,
Autonomy and Relatedness

To identify significant results between the groups for trust and
explainability (measured by SCS score) we performed t-tests with a
Bonferroni corrected alpha. We confirmed the normal distribution
of trust and explainability data using a Kolmogorov-Smirnov test.
Themeasured mean values and standard deviations for the variables
in the three groups can be seen in Table 2. Additionally, the mean

values and standard deviations for SDT variable were added to the
table.

For trust there is a significant difference between intent-based CA
and LLM-based CA (t=-2.13, p<0.05), but not between form-based
and the other assistants. Therefore, the results are consistent with
the proposed hypothesis. The test for explainability (SCS) revealed
a significant difference between the intent-based CA and the LLM-
based CA (t=-2.26, p<0.05), but not between form-based and the
others. Therefore, the results support the proposed hypothesis. We
analyzed the correlations of trust and explainability with the SDT
variables competence, autonomy and relatedness to investigate the
connection between them. The correlations are listed in Table 3.

For trust and the SDT, all variables correlate positively with each
other, highlighting the importance of SDT for trustworthy assis-
tants. Competence and autonomy correlate significantly with trust
in the form-based assistant, competence, autonomy and relatedness
with trust in the intent-based CA and autonomy and relatedness
with trust in the LLM-based CA.

Explainability correlates significantly positively with compe-
tence, autonomy and relatedness for the form-based assistant and
the LLM-based CA. For the intent-based CA the only significant
correlation can be seen between explainability and relatedness.
The correlations between explainability and relatedness increase
from form-based to intent-based and again from intent-based to
LLM-based assistants. The only significant correlation between
explainability and trust exists for the form-based assistant.

4.2 Usability and Trust
The differences for the usability (measured by the BUS dimensions)
of the individual assistants can be seen in Figure 1.

The LLM-based CA has higher median scores than the intent-
based CA for ease to start a conversation (Start), expectation setting
(Expectation), recognition and facilitation of users’ goal and intent
(Recognition), relevance of information (Relevance), understand-
ability and politeness (Understand), perceived conversational cred-
ibility (Credibility) and speed of answer (Speed), but due to high
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Figure 1: Boxplots for BUS variables across the three assistant versions comparing the median.

Table 4: Summary of correlations between BUS variables and trust across the three assistants.

BUS Trust (Form-based) Trust (Intent-based) Trust (LLM-based)

Start 0.38* 0.2 -0.25
Expectation 0.16 0.28 0.11
Flexibility 0.36* 0.23 0.36**
Maintain 0.23 0.3 0.44**
Secure 0.19 0.42** 0.65***
Recognition 0.32 0.31 0.32*
Relevance 0.23 0.3 0.29
Quantity 0.09 0.3 0.18
Resilience 0.16 0.38* 0.28
Understand 0.2 0.3 0.1
Credibility 0.33 0.3 0.39*
Speed 0.29 0.14 0.42**

Note: * p < .05; ** p < .01; *** p < .001

variances these differences are not significant. For the maxim of
quantity (Quantity) the median is a bit higher for the intent-based
CA. The form-based assistant is perceived inferior with respect to
most dimensions compared to the other assistants. For flexibility
and communication effort (Flexibility) and speed of answer (Speed)
it scores slightly higher though. None of the differences between
the assistants are significant. Furthermore, the correlations be-
tween the BUS dimensions and trust were analyzed in detail and
are summarized in Table 4.

Except for the ease to start a conversation (Start) in the LLM-
based CA, all BUS variables correlate positively with trust in all
assistants, highlighting the importance of usability for trustworthy
assistants. The LLM-based CA has noticeably more significant
correlations between BUS dimensions and trust than the other two
assistants. The ease to start a conversation (Start) and the flexibility
and communication effort (Flexibility) show significant correlations
with trust for the form-based assistant. For the intent-based CA
users’ privacy and security (Secure) and the resilience to failure
(Resilience) show significant correlations, and for the LLM-based
CA they flexibility and communication effort (Flexibility), the ability

to maintain a themed discussion (Maintain), the users’ privacy
and security (Secure), the recognition and facilitation of users’
goal and intent (Recognition), perceived conversational credibility
(Credibility) and speed of answer (Speed) correlate significantly
with trust. The correlation between trust and the users’ privacy
and security (Secure) in the LLM-based CA is particularly high.

4.3 Behavior Analysis
The average interaction time with all assistants and the average
length of user input are listed in Table 5.

An increased average interaction time and average user input can
be seen for the LLM-based CA. The standard deviation is relatively
high, as the individual entries differ largely from one another. There
are very short answers, but also very long descriptive answers.

5 Discussion and Conclusion
The significant difference for trust between the intent-based CA
and the LLM-based CA and the non-significant difference between
the form-based assistant and the two CAs have several possible
reasons. The form-based assistant is a very familiar interface that
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Table 5: Statistical distribution values of average user interaction time and input length; SD in brackets

Assistant Average Interaction Time in Seconds Average User Input Length in Characters

Form-based 402 (438) 20 (27)
Intent-based 483 (267) 38 (23)
LLM-based 906 (699) 83 (47)

is easily understood and can be used effectively. This may have a
positive effect on the perceived competence and autonomy in using
the assistant. Both variables are significantly correlated with trust.
The perception of the form-based assistant as being human-like
(relatedness) is not important for the correlation with trust, which
is reasonable, as there is no human-like conversation with the form.

The intent-based CA is perceived as less trustworthy than the
other two assistants because it essentially represents the form-based
assistant as a CA. In times of generative CAs, such as ChatGPT
[26], expectations for their performance are very high, potentially
leading to reduced trustworthiness for less powerful chatbots like
intent-based ones. With regard to the SDT variables, it is crucial
for the trustworthiness of the intent-based assistant that users feel
competent and have a sense of autonomy when interacting with
the assistant. In contrast to the form-based assistant, it is also
important that the assistant is perceived as human-like. Since these
three properties are difficult to implement in an intent-based CA,
trust is possibly reduced.

Conversely, establishing a human-like interaction is easier with
the LLM-based CA. The correlation analysis with SDT variables
also shows for the LLM-based assistant that this property is im-
portant for trust. Perceived competence in the LLM-based CA is
higher than for the other two assistants. One possible explanation
could be that the conversation is conducted as if with a human
being. The information exchanged is much more detailed and indi-
vidualized. As a result, the needs of the person can be addressed
more precisely. This is reflected by a higher average interaction
time and higher average length of user input with the LLM-based
assistant compared to the other two assistants. One explanation
for a missing significant correlation between competence and trust
could be that there was a discrepancy expressed by the participants
between the conversation that was very detailed and specific and
the career recommendations that were given in a very generic way
without showing connections to the conversation. The significant
correlation of trust and perceived autonomy may be due to the fact
that the conversation with the LLM-based CA is more flexible and
thus also the main topics are determined by the human.

Perceived autonomy is important for all three assistants, which
could be since all three assistants have free text input and decision-
making options were implemented in the occupation and educa-
tional path recommendations. The correlation analysis of SDT
variables and trust suggests that for trustworthy CAs, it is rea-
sonable to focus on developing interaction patterns and compo-
nents that enhance perceived competence, autonomy, and foster
a human-like connection between the CA and the user. However,
the relationships do not seem to be quite as clear as in trustworthy
human-human relationships as described by the model of van der
Werff et al. [8].

The significantly higher perceived explainability of the LLM-
based CA compared to the intent-based CA can be explained by
the fact that the LLM inserts justifying and explanatory sections in
most utterances by default. In addition, the reason why a certain
question is asked is explained by the CA (e.g., ”To be able to assess
your strengths in programming even more precisely, I would like to
talk to you about your projects.”). The form-based and intent-based
assistants do not differ from each other in terms of explainability,
which is reasonable because the intent-based CA uses almost the
same utterances as the form-based assistant. However, an SCS value
of 0.73 for the form-based assistant and 0.72 for the intent-based
assistant indicate that these two assistants also have a certain ex-
planatory power. Since no generative but only predefined answers
are given, the reason is probably that the predefined responses
already contain an explanatory guidance of the dialog, as in the
LLM-based CA.

The correlation analysis with SDT variables and explainability
reveals that all variables are positively correlated with each other
andmost of them significantly. This suggests that explainability and
SDT variables are connected to each other. This would mean that
either explainability is increased by a higher perceived competence,
autonomy and relatedness or the perception of being competent,
acting autonomous and feeling related to the assistant is affected
by explainability or both, as it is a correlation. The explainability
of the assistant only correlates significantly with trust in the case
of the form-based assistant, although the SCS is in fact the same
as that of the intent-based CA and the SCS of the LLM-based CA
is even higher. In the case of the form-based assistant, it could
again be due to the familiar interface. For the intent-based and the
LLM-based CA, the reason could be that the way of explaining in a
conversational interface has to be different than in a form-based
assistant in order to generate trust. From the correlation analysis
of the BUS variables with trust, it can be seen that the advantages
of the LLM-based assistant to drive a thematically appropriate
conversation and to always consider the user’s concern and goal
and to respond quickly are positively related to trustworthiness.
Implementing these advantages in an intent-based CA in the same
way is almost impossible, which speaks in favor of choosing an
LLM-based CA, not forgetting the simplicity and effectiveness of
form-based systems.

In summary, it was shown that an LLM-based CA is trusted
more on average than an intent-based CA. The results indicate that
flexibility of the conversation, credibility of the chatbot, recogniz-
ing user’s intents and a conversation that feels secure and can be
maintained are important factors for building trust in the CA. The
LLM-based CA therefore has the potential to facilitate trustworthy
interactions, which could also lead to higher acceptance and a better
user experience. However, this requires an implementation that
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emphasizes the advantages of LLMs as user expectations of these
systems are very high. The use of a well-known and effective inter-
face like a form should not be underestimated. However, the depth
of extracted user information for occupation recommendation could
be limited. A feeling of autonomy seemed to be important in all
three assistants to build trust, where relatedness was important for
the two CAs. Usability differences were not significant and showed
a large variability within the same CAs. Further research should
concentrate on building CAs that are even more credible and can
match the user profile successfully to occupation and education
path recommendations to meet the expectations of the user. Al-
though there is a significant difference in explainability between
the intent-based and LLM-based CA, the correlation with trust is
not significant. Further research could show whether an explicit
design of human-centered explanations has a positive effect on
trust.
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