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e Users’ impressions of the model’s origin shape how they perceive its
abilities.

e Sophisticated model descriptions result in higher agreement with the
model outputs.

e Users were more willing to align ratings with Al decisions in sophisti-
cated model descriptions.

e Users reported a greater willingness to apply system outputs in ad-
vanced model descriptions.
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Abstract

The growth of artificial intelligence (AI) has introduced new Al-powered sys-
tems in many aspects of everyday life. Although many such systems may be
embedded in contexts where long-term use is justified, there are also many
cases where usage of such systems can be brief or within a single session.
In those cases, initial information given to the user about the AI model is
important since users may not have enough engagement with the system to
develop a mental model over time through use. Instead, users may simply
rely on first impressions. However, little is known about how given informa-
tion about the AI model in a system affects user judgment of the system.
This work investigates this question within the context of job interview train-
ing. We conducted a controlled experiment where the description of the Al
model within-a simulated job interview training system was manipulated to
describe the model as being either basic or more advanced. Participants in
the condition where the AI model was described as more sophisticated and
advanced reported significantly higher levels of agreement with the model
outputs, more favorable ratings, and a greater willingness to use the system
output.
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Interview Training Systems (JITS)

1. Introduction

Artificial intelligence (AI) is now being used to assist in human decision
making in a broad range of situations—from mushroom picking [1] to de-
ciding on medical treatment [2|. However, Al is far from perfect; errors are
inevitable. A serious danger with the use of Al stems from the fact that most
end users are often unaware of the limitations of AI models and a system’s
actual performance. Lack of knowledge of model capabilities awareness of
limitations can lead to problems with user trust, whether it is over trust (re-
lying too much on the AI) [1, 3, 4] or under trust (not leveraging enough the
benefits of the AI) [5, 6, 7].

While users may develop an improved understanding of model capabili-
ties through continued use over time |2, 8], many practical use cases for Al
applications would not involve sufficiently long exposure to the system to
allow users to develop an accurate understanding of the model. When end
users first begin using an Al system, they will make assumptions of model
capabilities based on a combination of their existing knowledge and the infor-
mation presented by the system [3, 9, 10]. First impressions based on initially
available information are crucial. For example, prior studies have found that
if users notice system errors early during their interactions with an Al sys-
tem, they are likely to quickly distrust or underestimate the model’s accuracy
[7, 8]. Beyond judgment of AI, a large body of research has demonstrated
how numerous different factors can influence first impression assessments,
with a broad range of examples including the quality of visual aesthetics [11]
or the availability of educational briefings [12|. Our research is motivated by
the need to similarly add deeper knowledge of what aspects of Al applica-
tions contribute to users’ judgments. We hypothesize that many other design
factors of Al systems may also contribute to first impressions and potentially
influence user perceptions of Al.

In particular, we study how non-expert users might be influenced by
provided technical information about the type and origin of an Al system.
That is, it is unknown whether novice end-users are concerned with technical
details—for example, the type of Al model, the reputation of the developer,
or the perceived technical complexity—as they form their impressions of the
system. This paper presents an experiment of how the presentation of initial
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introductory information about the Al model affects users’ first impressions
or judgment, including their agreement with and trust in the system, and
their willingness to use the system.

As the application area for the study, our research is conducted in the
context of Al-supported job interview training systems. Training systems for
job interviews analyze people’s performance during practice job interviews
and provide feedback for them to improve. These kinds of systems have a
significant influence on how people behave during real job interviews that
may lead to them securing a job or not [13, 14]. Investigating the impact of
initial introductory model description in such a job interview training system
context provides an authentic scenario in which users have a personal stake
in trusting the Al system or not.

2. Background and Related Work

2.1. Trust and Reliance on Al Assistance

How users judge AI and choose whether to rely on automated support
depends on many factors such user experience, mental workload, temporal
demand, or fatigue [15, 16]. While support systems are implemented with the
intention of providing assistance to improve human decision making, users
are not always comfortable relying on systems they do not understand or do
not trust. That is, if a user distrusts the outputs of a computational model
when correct, it may result in underreliance on the support, which could
reduce overall efficiency or lead to incorrect decision making (e.g., [17, 15]).
Conversely, overreliance on automation (also called automation bias) can
occur when users accept Al recommendations too readily, even in problem
cases where the Al'is incorrect or when outside information contradicts the
AT [16, 18]. Classic examples of overreliance include cases where vehicle op-
erators (e.g., airline pilots or ship mariners) have had critical accidents due
to too much trust on faulty or misinterpreted system outputs [16, 19]. Nu-
merous lab studies have also observed overreliance. For instance, in a study
with a simulated aircraft monitoring task by Skitka et al. [20], participants
demonstrated higher error rates with automation support than participants
without it—as the given support was imperfect, and participants did not
appropriately distinguish between good or bad outputs. Another example
by Will [21] involved a guidance system for an engineering task requiring
identification of undesirable pressure buildup in a well. In this case, overre-
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liance on the Al guidance caused problems for both novice and experienced
engineers for cases where the system outputs were wrong.

As behaviors of both underreliance and overreliance are suboptimal, the
goal is to enable appropriate reliance so that users can judge when to trust
and when to discount AT outputs [22, 23|. Researchers have explored whether
explanations for Al logic might provide the necessary information and context
behind AT decisions to facilitate better overall decision making [24, 25, 26].
For example, through studies using an object detection task in images an a
simulated AT aid, Dzindolet et al.[22] found that study participants quickly
lost trust in the reliability of the Al aid when they observed it making mis-
takes. Importantly, the research demonstrated the loss of trust could be
prevented if participants were provided with explanations for the AI mis-
takes. While this effect might be interpreted as-evidence of the intended
result of appropriate reliance, the authors note that the effect of explana-
tions increasing trust may have been unwarranted, meaning the inclusion of
explanations could risk leading to overreliance. Evidence of similar concerns
of biasing effects due to explanations was discussed by Bansal et al. |27].
Their studies with a sentiment classification task found that including ex-
planations increased the frequency that users acted in agreement with Al
recommendations.

Research by Bucinca et al. [28] also studied problems with overreliance on
AT with the inclusion of explanations. Their study showed how differences in
availability of algorithmie explanations (e.g., cost based on additional interac-
tion to access information or added temporal delay to reveal information) can
influence the extent to which users adopted overreliance behaviors. The au-
thors concluded that promoting deeper thinking about algorithmic processing
and the reasons for different model outputs can reduce overreliance, though
users preferred more simplistic and less mentally demanding explanations—
even though the latter were found to lead to worse overall task performance.
Research  Vasconcelos et al. [29] also addressed the cost-benefit tradeoffs for
the effort needed to achieve appropriate reliance compared to the effort of
manually doing the task without the AI. That is, if trying to interpret Al
explanations to judge the validity Al outputs is more taxing than the task
itself, users might as well ignore the Al, possibly leading to underreliance.
The authors discuss how overreliance may be more of a concern for more
difficult tasks or for cases when interpreting Al explanations requires greater
effort. The effort of interpreting explanatory information is relevant to our
research, as we study whether a simple presentation of up-front framing infor-
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mation has the potential advantage of serving as a low-effort, one-time form
of explanation. However, providing information up-front does not encour-
age continued critical thinking about the implications of that information
over time, and it does not serve as meaningful explanations on post-hoc ba-
sis. Thus, this complexity motivates investigation of how up-front framing
information might influence user judgment or impressions of Al.

2.2. Algorithm Ezplanations

The goal for explanations is to bridge the gap in users’ understand-
ing of the system. Explanations have been widely explored as a way to
present information about the AI model in a system to users. Prior liter-
ature includes a broad array of examples of different explanation strategies
(e.g., |30, 31, 25, 26]). For example, explanations can be at a global level,
explaining the overall structure of a model, or‘at a local level, explaining a
specific decision made by the AI [10, 30, 32]. Factual explanations focus on
facts, data, and actual features of the model that resulted in the given out-
put [33, 34, 35|, while counterfactual explanations focus on how changes to
certain features or inputs would affect the model’s outcomes [33, 34, 35, 36].
Post-hoc explanations are a common approach that approximate the work-
ings of existing models by helping users identify relevant information that
contributed to specific outputs. [3, 37, 38]. Other explanation types include
differentiating reasons why and why not certain outcomes are observed as
model outputs for a given input [39].

To aid in understanding the wide range of existing explanation techniques,
Arrieta et al. [40] presents a descriptive taxonomy of explanation examples
organized by common model types and properties, with examples includ-
ing distinction between inherently interpretable models compared to black
box methods requiring post-hoc techniques, and also grouping deeper levels
of model-specific and model-agnostic explanation techniques. Separately, a
survey by Dwivedi et al. [41] presents a taxonomy with attention to common
phases of machine learning development processes along with discussion of
trade-offs among different explanation options balanced with project priori-
ties. Taking a different approach from the perspective of developers making
explanation choices for specific cases, Bennetot et al. [26] provide a guide
for selecting an explanation approach based on specific needs. For example,
their guide recommends different explanation options based on details of the
data type (e.g., textual, image, tabular) or explanation properties (e.g., in-
teractive explanations, counterfactual explanations). As another example,

bt
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Mohseni et al. [30] offers recommendations based on the needs of different
types of user needs, suggesting an integrated design and evaluation process
with consideration of human-centric metrics (e.g., user trust, human-Al task
performance, cognitive load) and model-centered metrics (e.g., explanation
fidelity, model performance).

While algorithmic transparency has been a topic of interest for a sev-
eral decades, trends in the literature indicate a sharp increase in interest in
explanation after 2015 [42]. Despite the rapid advancement of explanation
techniques and designs, scientific knowledge of how such different types of
explanations influences users has not kept pace [43, 44]. 'In a large review
in 2025, Suh et al. [43| estimated that approximately only 0.7% of a sample
of 18,254 papers about explainable Al included human-subjects validation
or studies of their effects on user behaviors. As-discussed in a review by
Miller [44], a wide range of factors influence how users give attention to and
interpret algorithmic capabilities. Users can be quick to discount benefits
of algorithmic capabilities if the system logic is not considered to align with
human logic [45, 46|, and first impressions with a system’s effectiveness carry
a heavy influence that many users are reluctant to adjust |7, 47, 48, 6].

A review by Raees et al. [31] highlighted the importance of considering
the level of user interaction with explanatory information when studying
different types of explainable systems. That is, cases where users are passive
receivers of post-hoc explanatory output are fundamentally different from
cases where users meaningfully and intentionally engage with explanations.
Even for more interactive human-in-the-loop approaches and mized-initiative
systems that aim to increase user interaction and incorporate user feedback
to the algorithms [49], increased interaction also has the risk of drawing
disproportional attention to model problems and harming the accuracy of
the user’s mental model of the system [50]. In our study, we investigate
whether even differences in explanations of basic technical information—
presented independent of observed model outputs and without interactive
or meaningful engagement while using the system—might still be enough to
influence user perception of the system.

Explanations have been shown to affect a range of human-centered mea-
sures with respect to an Al system, including the user’s mental model, task
performance, satisfaction, and trust and confidence in the system [51]. Expla-
nations have also been shown to help increase system acceptance by preparing
users for Al imperfections 35, 52]. Generally-speaking, the effects of explana-
tions on user understanding, trust, or system usage will depend on a number

6
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of factors, such as the type of explanation, (e.g., [36, 53, 54|), the amount
of explanatory information given (e.g., [55, 10|) and users’ domain exper-
tise (e.g., [8, 56, 9]). Our study investigates whether a-priori presentation
of technical properties of a model can also influence and has yet to be in-
vestigated. In many layperson usage scenarios, users of common Al-powered
applications might be expected to have awareness of the reputation of the
providing company or the caliber of the resources behind the application.

2.83. The Impact of First Impressions

Psychologists have found that first impressions are formed rapidly, often
within the first few minutes of interaction, and these early impressions can
have a lasting impact on how humans perceive and engage with new infor-
mation [57, 58, 59, 60]. In particular, the earliest pieces of information often
have a much more prominent influence on our judgments than information
received later on, a phenomenon known as first impression bias [61].

Researchers in human-centered Al have employed various experimental
manipulations to investigate the effects of first impressions on human at-
titudes and perceptions of Al systems. These manipulations often involve
altering a system component to create different initial perceptions, ranging
from perceiving the system as more or less intelligent, reliable, or efficient.
Among these manipulations is controlling the order of information presented,
such as introducing system errors during the first moments of interaction, po-
tentially leading users to form a negative impression of the system early on
and vice versa (e.g., [62, 6]).

For instance, a study involving a humanoid robot [62] demonstrated that
a positive first impression has positively affected trust formation even when
the user doubts the robot’s decision; however, trust in the robot gradually
diminishes as the robot makes mistakes. Interestingly, participants were will-
ing to trust the robot in time-sensitive scenarios even when observing robot
mistakes beforehand. Nourani et al. [§] investigated how domain expertise
affected first impression formation. In an arthropod classification task, re-
searchers varied the order of errors made by the Al system; their findings
suggested that only those with domain experience formed first impressions,
significantly affecting their trust formation over time. Furthermore, Tolmei-
jer et al. [63] examined trust development through an intelligent housing
recommendation system while manipulating task difficulty. Participants re-
ceived a variation of accurate or inaccurate advice throughout the task. Their
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results on the impact of first impressions on trust formation also aligned with
previous research.

Extending this research to investigate the interplay between first impres-
sions and user reliance, Nourani et al. [6] conducted an experiment that
manipulated two variables, the presentation of strengths or weaknesses and
the presence of explanations. Participants experienced either the strengths
or the weaknesses of an Al video recognition system early on, with or without
explanations. The study found that users who saw system strengths first had
a more positive impression of the system, while those who saw weaknesses
first, relied more on themselves than on the system. Further, that study
also showed that users can become overconfident of their understanding of
the system when explanations are given. Another related study [64] showed
that the timing of error occurrence significantly affects user reliance. Expe-
riencing system errors early had a lasting negative impact on participants’
reliance on the system, whereas later error occurrences affected their reliance
momentarily.

2.4. Use of Al in Job Interview Training Systems

Our study of the effects of Al model descriptions was conducted in the
context of job interview training. Job interview training systems (JITS) help
job seekers practice and improve on the important skill of interviewing. Two
types of JITS can be identified. The first type enables the user to practice
engaging in a job interview with a simulated recruiter. The second type
analyzes aspects of a user’s practice or real interview, and delivers feedback
to the user. Both types can use Al to support its functioning. The first type
of JITS has used technologies such as chatbots [13], androids [65], virtual
agents [66], and full virtual reality environments [67]. The second type of
JITS rely on techniques such as natural language processing to analyze the
user’s speech (e.g., [14, 68]) or interview video (e.g., [68, 69] ). Our research
focuses on the use of Al in the second type of JITS, where a user interview
is analyzed and feedback is given.

In much prior work, e.g., [67, 68, 69, 70, 71, 72, 73], JITS have used Al
in multi-modal feature extraction from video recording with audio or live
camera feed to analyze both verbal and non-verbal cues. Al has been used
to analyze interviewees’ facial expressions and movement, gaze, voice tone,
volume, speed, pauses, body language, posture, emotions, and head position
[68, 70, 72|, as well as word semantics, pronunciation, vocabulary, grammar,
and sentence structure [68, 74]. The AT analysis then typically either results

8
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in a score for an interviewee [68, 69|, or textual feedback and actionable
comments [70, 72, 74].

3. Experiment

Our experiment investigates whether first impressions formed from the
presentation of introductory information about the AI model affect users’
judgment of the system. The experiment compared the presentation of in-
troductory information about Al models in an interview training application
that gave feedback about how to improve answering questions during a job
interview. Our hypothesis was that users would judge the system more pos-
itively if they believed the AI model to be more technologically advanced—
even if there were no differences.

3.1. Experimental Design

The study used a between-subjects design with a single independent vari-
able: description of the Al model prior to viewing system output. The study
compared two conditions giving different model information—one describing
a basic AI model, and the other a more advanced AI model. The study was
conducted as a deception study using a Wizard-of-Oz approach where par-
ticipants were under the impression that the system was using a real model,
but the functionality was actually manually provided by the researchers. The
simulated system performance did not change based on experimental condi-
tion; the basic and advanced conditions differed only in the given framing of
model descriptions.

The information about the two hypothetical Al models varied based on
multiple details: developer expertise, algorithm complexity, source of train-
ing dataset, and size of training dataset. The actual AI model descriptions
used is presented in Figure 1. The basic AI condition described the model
as having been created by a graduate student developer using a Natural
Language Toolkit (NLTK) tokenizer, a decision tree algorithm, and training
set built from 150 interview transcripts collected by the graduate student at
their university. In the other case (advanced AI), the different aspects were
presented as a more sophisticated model developed by Meta Al as a Deep
Neural Network (DNN) with a transformer model RoBERTa, and trained
on 63 million English news articles and further fine tuned on over 100 inter-
view transcripts. In case participants were unfamiliar with terminology, the
model descriptions also included an explicit summative indicator of “Model
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Basic Al
Developer: Graduate student at (anonymized local university)
I model: Natural Language Toolkit (NLTK) Tokenizer and a decision
. tree approach.
Model :
Complexity: Bas'? ) )
Training dataset: r1n 50% LTerwews transcripts collected by the developer of the
Advanced Al
Developer: Meta Al (Facebook)
| model: Deep Neutral Network and a transformer model RoBERTa.
Model
Complexity: Advanced.
A . 63 milion English news articles further fine tuned on
‘Tramlng dataset: responses from interviews.

Figure 1: The two experimental conditions presented different information (basic or ad-
vanced) about the hypothetical AT model prior to participants viewing system output.
While the given information was different, all participants experienced the same level of
simulated output provided by an experimenter.

complexity” that was presented as either “Basic” or “Advanced” for the ap-
propriate corresponding condition.

Dependent variables assessed were participants’ trust ratings of the sys-
tem, level of agreement with the system outputs, and willingness to use or
apply the given system feedback in future. To obtain a profile of partici-
pants, other demographic and psychographic variables were also measured,
including self-report ratings of general interview experience, their personality
using the Big-5 personality inventory [75|, their general propensity to trust
machines using the scale from [76], and their general attitudes towards Al
using the scale from [77].

3.2. Participants

Study participants were all students from a large university in the United
States. The study was completed by 43 participants, though one participant’s
data was excluded due to a technical error in data capture. This remaining
participants with complete data (n = 42) were included as the final sample
for analysis, with an equal split of 21 participants in each of the two study
conditions. Participant ages ranged from 18 to 39 with a median age of 21.5
years and standard deviation of 5.2. Fifty-one percent of the participants
self-reported as men, 44% as women, 3% as other, and 2% preferred not to
provide this information.

Participants were recruited from computer science courses over one semester
and were offered the option of partial course credit or extra credit for select

10



Journal Pre-proof

Session 1 Session 2

( ) ( A [ ) 4 )

Mock job interview Multiple day wait Background Initial excerpt ratings

—> (experimenter review —> questionnaires —> (no system output)
L ) L and simulating Al) ) L ) L x6 )
|
. ) a4 A 4 ) ( . .
Al description Al description quiz Excerpt ratings Questionnaires

Basic or Advanced = =] (with system output) = | (trust, understanding,

L (exp. manipulation) y D L x12 ) L willingness to use) )

Figure 2: Summary of study procedure. The only experimental manipulation was the
presented description of the AT model (purple boxes) in study Session II.

courses (approved by our organizations ethics review board). While all par-
ticipants were students in technically-oriented courses, all are expected to
have some familiarity with Al capabilities, though most would still be con-
sidered as novices in Al expertise. From the pre-study questionnaire about
experience with Al, 25% reported using Al for less than 1 year, 23% between
1 and 2 years, 16% for 2-3 years, 12% for 3-4 years, 5% for 4 and 5 years,
12% for over 5 years, and 7% have never used Al before. Types of Al ex-
perience ranged from simply interacting with Al algorithms or applications
on a day-to-day basis to working on implementing an Al or working on deep
neural networks.

Participant experience with prior job interviews varied considerably in
our sample, with mean of 4.44 and standard deviation of 6.45 for the number
of previous times participants have been interviewed. Participants also self-
reported their personal estimation of their general interviewing confidence
based on five criteria (covering overall confidence, interview skills, behaviors,
knowledge of mistakes, and techniques), each using a five-point Likert scale.
Confidence results yielded a mean rating of 3.58 and standard deviation of
0.88.

3.3. Procedure and Task

The study consisted of two online sessions and was approved by our orga-
nization’s ethics board. Participants first conducted a practice job interview
in Session I, and then took part in Session II several days later, where they
reviewed outcomes and feedback generated by what they believed to be the
AT model. Figure 2 summarizes the main stages of the study procedure.

11



INTERVIEW EXCERPT 9
Question: "Can you give me an example of when you had to leam a new skillfor a project?"

Conciseness

Journal Pre-proof

INTERVIEW EXCERPT 9
Question: "Can you give me an example of when you had to learn a new skill for a project?"

Anxiety

Your interview response:

"So, um an example that | had to, uh for when | had to leam a new skillfor the project. Was
um most likely for uh my project um to and my programming one class where | was
learning Python, it was | think an R, early image converter. And, um I think, um the
biggest part about that was since | was so foreign to the, um to the concept of like images.
in certain sorts of code. | kind of had to like. Go through and do my own research when,
um when it came to like being able to manipulate images and knowing how to like. [pause]

System Rating:
79

Your interview response:

"S0, um an example that | had to, uh for when | had to learn a new skill for the project.
Was um most likely for uh my project um to and my programming one class where | was|
learning Python, it was | think an R, early image converter. And, um | think, um the
biggest part about that was since | was so foreign to the, um to the concept of like
images in certain sorts of code. | kind of had to like. Go through and do my own
research when, um when it came to like being able to manipulate images and knowing

System Rating:
19

pixels and stuff like that. "
No. of Keywords Extracted: 5

how to like. [pause] Manipulate pixels and stuff like that. "
Flller words: 25

Number of Pauses: 1

Speaking errors: 10

Speech Rate: 162 words/min

Keywords extracted: learning, Python, image converter, research,
manipulate
No. of Relevant Words: 77
words / min

Total No. of Words 116
Speech Rate 162

Ratio: 66%

Figure 3: Example of system output presented for an excerpt from the participant’s own
mock interview. Left: System rating for response conciseness; Right: System rating for
anxiety. Participants were also asked to provide their own ratings for their response for
both dimensions.

Overall system feedback

® Your response was good but try to slow down your speech and relax. Try to focus your answer more on
answering the question. Detailed response is important, but the details have to be relevant.

® Your response seemed just a bit anxious. You could improve by avoiding filler words. It's better to take
a quick silent moment to think rather than filling it with fillers. Make sure to formulate full sentences.
You can chunk your ideas into shorter full sentences.

Figure 4: An example of the system’s output of constructive feedback for interview im-
provement.

3.3.1. Study Session I: Mock Job Interview

Session I consisted of the practice job interview, and was conducted
through a synchronous Zoom video call and took approximately 20 min-
utes. The interview was conducted by a researcher who played the role of
a recruiter for the practice interview. Participants were informed that the
interview would be recorded. The mock interview was designed to simulate a
generic human resource interview; that is, it did not focus on any specific field
of study, but rather focused on how a job candidate thinks and responds in
different kinds of relevant situations. The interview consisted of 13 questions.
Example questions included “Tell me about your educational background and
work experience”, “Tell me about one time you failed on a project or when
something went terribly wrong. How did you handle it or what did you learn
from it?”, and “How would you define leadership, and do you often take on a
leading role in your team projects?”. After the interview, participants were
informed that they would be sent an email with information for the second
study session in a few days.

12
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3.3.2. Simulating Al Feedback

After the mock interview in Session I and before the participant’s second
session, manual qualitative coding was used to generate system outcomes and
feedback to be reported as a Wizard-of-Oz proxy for an Al system. A re-
searcher reviewed the video and transcript, and manually corrected any errors
in Zoom-generated transcriptions (including pauses and filler words). Coding
was done by a set of three coders (none of whom conducted the interview).
Who were specifically trained for the task, and achieved an approximately
82% inter-rater agreement. Participants’ responses to each interview ques-
tion were coded on two dimensions, conciseness and verbal anxiety, and a
score was given for each of these dimensions for each interview response.

A conciseness rating assessed the extent to which a participant’s response
was relevant to the interview question asked. Conciseness scores were mea-
sured as the ratio of the number of words used in the response that the re-
searchers considered relevant to the question and the number of total words
[78] used in the response. Conciseness scores ranged between 0 and 100 for
each particular response, where 0 was not concise at all and 100 was very
concise.

In addition, the ratings assessed verbal anxiety as the extent to which
a certain response exhibits cues that may be taken as indicative that the
respondent is experiencing anxiety. This was operationalized as the ratio of
the number of anxiety cues identified in a response and the total number of
words used in the response. Anxiety cues consisted of filler words, longer-
than-typical pauses and speaking errors [79, 80, 81]. Errors were for example
interrupted or unfinished sentences, resetting or breaking with new thoughts,
repeating words or stutters. The number of each type of error was summed
up and divided by the total number or words to result in a ratio that was
then averaged with a reversed speech rate ratio. Based on the two ratios,
the coder gave a score between 0 to 100 for verbal anxiety for that particular
response, where 0 was not anxious at all and 100 was very anxious.

Once obtained, the scores for conciseness and anxiety for a response were
used to decide on the system feedback that would be given to the participant.
Participant’s scores were mapped with a feedback dictionary (containing pre-
defined comments) to generate actionable advice on how to improve responses
or address mistakes during that interview question.
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3.83.8. Study Session II: Reviewing System Feedback

The second session was completed online through a web application at the
participant’s convenience and without researcher supervision. Participants
completed the second session 2-12 days after the first session. The delay
between sessions gave time for coding the interview responses and generating
the simulated Al feedback, and additional time depended on participants’
decision of when to complete the study.

Through the study application, participants first provided demographic
and psychographic information. Next, instructions were presented to explain
to participants what their tasks would be in this session. Participants were
asked to assist the system by providing ratings on a subset of textual in-
terview excerpts from their own mock interview. They were instructed that
they will see their own answers and have to rate it in terms of consciousness
and anxiety on a scale of 0 to 100. Participants reviewed 6 randomly chosen
interview questions, presented one at a time, along with the transcript of
their corresponding response.

After rating their 6 interview responses, participants were introduced to
the AT system, where the description depended on the assigned experimental
condition for basic Al or advanced Al (see Figure 1). To ensure partici-
pants gave sufficient attention to the description, participants were required
to answer a short quiz on the model details immediately after viewing the
description. If any of the quiz questions were answered incorrectly, partici-
pants were redirected back to the description, and they had to reattempt the
quiz. This repeated until all quiz questions were answered correctly.

In the next phase of the study session, participants reviewed again ex-
cerpts of interview questions and their own responses from the mock inter-
view, but this time the system also included the (simulated) Al ratings for
conciseness and anxiety. Figure 3 shows examples of the system output for
the dimensions of conciseness (left) and anxiety (right). Both system ratings
presented an overall numerical rating (0-100) along with a set of additional
explanatory factors (e.g., speech rate, pauses in speech, relevant words, de-
tected keywords). In addition, the output included textual highlighting of
relevant tokens in each interview response contributing to the rating.

For each excerpt and system output, participants were also asked to again
rate their interview responses on a scale of 0 to 100 in terms of conciseness
and anxiety, presented one at a time. Participants reviewed 12 excerpts in
this stage of the study, where 6 out of the 12 were the same as the 6 they
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previously rated prior to viewing the AI output. Having participants rate
some of the same responses both before and after seeing the Al description
and reviewing the system output made it possible to check whether partici-
pants changed their ratings to better align with the AIl. The other 6 of the 12
responses rated with system output were included to obscure the fact that
participants were repeating the same items while also providing additional
data for general human-Al agreement.

After participants rated an interview response for both conciseness and
anxiety, the system offered additional suggestions for improving interview
responses. This feedback was shown as bullet points with actionable com-
ments for both conciseness and anxiety. Figure 4 shows an example of given
feedback. Participants were asked to rate the feedback output, and also
optionally to enter free-text comments about the feedback given.

After reviewing and rating all 12 interview excerpts, participants were
asked to complete, using a 5-point Likert scale, a measure assessing system
trust, capabilities, understanding of the system and AI model description,
day-to-day usage of Al, and acceptance of Al in daily life.

3.4. Measures

3.4.1. Human-AI Agreement with Interview Ratings

Because participants both reviewed the systems’ output and provided
their own rating for each excerpt based on conciseness and anxiety, we can
calculate a measure of human-AI agreement based on the absolute difference
(i.e., disagreement) between the system output and participant rating. For
this calculation, the value each system output was the overall numerical 0-
100 “system rating” (see Figure 3), and the participant’s own 0-100 rating of
each interview response. The differences were averaged across all of the 12
excerpts that the participants reviewed and across the two dimensions of con-
ciseness and anxiety to obtain a single score for each participant. Note that
since this measure is based on disagreement, a value of 0 indicates maximum
possible agreement, and larger differences indicate lower agreement. Agree-

ment provides an estimate of the participant’s perception of the quality of
the Al

3.4.2. Agreement with Al’s Textual Feedback
As an additional measure of human-Al agreement, we also assessed par-
ticipants’ agreement with the system’s textual, constructive feedback for how
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to improve on interviewing (shown in Figure 4). For this measure, partic-
ipants were explicitly asked to provide a 0-100 rating (“How much do you
agree with the feedback?”). Because the system output for the construc-
tive feedback was only a textual description and did not include a numerical
score, agreement could not be calculated as a difference, so the participant’s
self-reported numerical rating of agreement was used as the measure. Partici-
pants provided a rating for each interview excerpt reviewed with Al output in
Session 11, and ratings were averaged to produce a single numerical measure
per participant.

3.4.8. Pre-Post Rating Change

A limitation to the described agreement measures based on the difference
between participant rating and system output is the possibility that the par-
ticipant could ignore the system entirely yet still giving a rating that happens
to align with the system result—thus incorrectly indicating high agreement.
To account for this limitation, the experiment also captured pre-ratings from
the participant. As previously noted, participants first provided ratings for
a set of 6 excerpts early in Session II before the model was introduced (see
Figure 2). Later in the same session, after the explanation of the model,
participants reviewed the system outputs and provided their own ratings for
12 excerpts—half of which were repeats of the same 6 excerpts they rated
previously.

For the excerpts that had repeat ratings, the pre-post measure was cal-
culated from responses where the first rating was at least 5 units away from
the system score (both ratings on a 0-100 scale). For example, if a pre-rating
was 90 and the system score was 94, that case would be considered invalid
and excluded from future analyses. This was done because a pre-rating that
is too close to the system score could suggest that participants coincidentally
already had a notion of their interview responses that matched with the sys-
tem outputs, and thus any change in their post-rating might not have been
necessarily based on the system rating that they saw. Of the valid cases, we
calculated the percentage of cases where the participant’s post-rating (i.e.,
the later rating while reviewing the system output) changed from the first
rating and moved closer to the system rating.

We also calculated the average difference between post- and pre-scores
relative to the system rating across all excerpts that were valid and where
the post-rating moved closer to the system rating. The difference scores for
conciseness and anxiety were averaged to obtain a single score.
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3.4.4. Attitudes

User attitudes in our study encompassed their sense of trust towards the
system and their acceptance of the system. To measure self-reported trust
in the system, we adapted 2 items from the Korber Trust in Automation
scale [82] (“I trust the system”; “I can rely on the system”), and another 10
items from Madsen & Gregor’s Human-Computer Trust scale [83]: 5 of those
items were related to faith, 4 related to perceived technical competence, and 1
related to perceived understandability. All the items were averaged to obtain
one trust score for each participant.

The user’s willingness towards the system consisted of users’ willingness
to apply the system feedback and willingness to use the system in future. For
willingness to apply system feedback, participants were asked to answer the
question “To what extent will you apply this feedback in future interviews?”
using a 0 to 100 response scale. This question was presented after each system
feedback. This question presented after each system feedback. The ratings
for this question were averaged across all excerpts where feedback was given.
For willingness to use the system, two items were used: “Using the system
would improve my performance in job interviewing” and “Assuming I have
access to the system, I would use the system during my interviewing process”.
These were presented at the end of the study. Ratings for these two items
were averaged for each participant.

4. Data Analysis and Results

Based on the bounded scales for ratings and finding that not all dis-
tributions were normal, we opted for non-parametric testing for statistical
analyses. The Mann Whitney U test was used to compare the basic and
advanced Al model description study conditions, where a separate test was
conducted for each of the described measures. None of the background vari-
ables assessed, including participants’ general confidence in job interviewing,
their personality, or their general propensity to trust Al, had any significant
effects on the results. The participants’ degree of understanding of the Al
model description, as measured using a single question on a scale of 1 to 7,
also did not seem to affect the results. However, it must be noted that the
mean for that variable was relatively high at 5.2 with a standard deviation of
1.04, most likely because of the study sample was recruited from computer
science courses. Test statistics for all tests results are given in Table 1.
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Measure Effect Test Statistic p-value Effect Size Power
Human-Al
Agreement Basic vs. Advanced 7z =-2.71 0.007* r=0.42 -

Basic: MeanRank = 27.07
Adv.: MeanRank = 16.69

Feedback

Agreement Basic vs. Advanced z = -2.15 0.031* r=10.33 -
Basic: MeanRank = 17.43
Adv.: MeanRank = 25.57

Pre-Post

rating change  Basic vs. Advanced z = -2.84 0.004* r =044 -
Basic: MeanRank = 16.12
Adv.: MeanRank = 26.88

User trust

Not significant z = -1.09 0.269 - 0.74
Basic: MeanRank = 19.93
Adv.: MeanRank = 24.17

Willingness to

apply feedback Basic vs. Advanced z = -2.01 0.044* r=0.31 -
Basic: MeanRank = 17.71
Adv.: MeanRank = 25.29

Willingness to

use system Not significant z = -1.81 0.061 - 0.99
Basic: MeanRank = 18.59
Adv.: MeanRank = 25.57

Table 1: Summary of Mann Whitney U analyses for study measures. For all significant
differences, the advanced condition had more positive outcomes than the basic condi-
tion. Note that the metric for human-AI agreement is calculated based on differences in
agreement, meaning that lower values indicate higher agreement. Effect sizes are shown
for significant effects, calculated as rank-biserial correlation (r), and statistical power is
shown for non-significant effects (following the method for Mann Whitney U two-sample
tests from [84]).

Graphical summaries of significant results are shown in Figure 5. The
colored box shows the interquartile range (IQR) with a horizontal black line
for the median. Each vertical “whisker” line extends to the most extreme
value falling within an additional 1.5 x IQ) R beyond the bounds of the IQR,
and black dots represent outliers beyond this range. We note that these
outliers were not excluded for statistical analysis.

Participants showed significantly more agreement with the system when
the advanced Al description was given rather than the basic Al description.
This was true for both measures of agreement: human-Al agreement based
on ratings (Figure 5-A) and by self-report of agreement with feedback (Figure
5-B).
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Figure 5: Box-and-whisker plots for significant differences from Table 1. Values higher
up on the plot indicate more favorable or more agreement with the system outputs. Note
that Human-AI Agreement (A) is based on the difference between the system rating and
the participant’s rating of their own interview responses, while Agreement with System
Feedback (B) is based on a self-reported rating of the AI’s textual feedback explaining
constructive tips for improvement.

Similarly, the test on pre-post rating changes showed participants changed
their scores to more closely align with the system outputs significantly more
in the advanced Al description condition (see Figure 5-C).

In terms of user attitudes, results showed that participants were signif-
icantly more willing to apply the given system feedback when given the de-
scription for the advanced Al model than the basic description (see Figure
5-D).

Finally, the difference between the two conditions in terms of trust, was
not statistically significant.
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5. Discussion

Describing the AI model as advanced and more sophisticated resulted
in significantly higher agreement with the model outputs, more favorable
ratings, and greater reported willingness to apply the system output.

5.1. Implications of Results

The study findings demonstrate that a user’s impressions of the nature of
the model’s origin and creation do matter, as the study procedure only ma-
nipulated the given framing information but not the nature of the observed
system output or quality. The results suggest that if a user believes the tech-
nology is more sophisticated, it can significantly shape how users perceive the
model abilities, and subsequently, potentially influence the user’s judgments
accordingly. It is important to repeat that the different conditions for model
descriptions did not include any changes in the actual underlying system or
how output was generated; the only difference was in the instructions at the
start of the study Session II (see Figure 2). In the advanced AI model descrip-
tion condition, participants’ ratings aligned more closely with the system’s
ratings than the basic condition, which suggests that the user’s perception
of interacting with a more impressive Al model is sufficient to elicit a higher
level of agreement with the system’s decisions. The advanced AI model de-
scription condition also showed a significantly higher average difference in
pre-post ratings in participants’ responses than the basic condition, indicat-
ing that the system’s decision had a stronger influence on making them more
willing to adjust their ratings to align with the system’s—even if their earlier
ratings prior to viewing model output were substantially different.

These results have important implications for designing Al systems in
educational and training contexts. If ethical requirements dictate including
details describing the employed Al model, designers should carefully consider
the effect of these descriptions on users’ behavior and the perceived value of
the system. As shown in other studies, deciding when and how to show in-
formation to users can significantly impact their first impression formation
[64, 85]. Distinguishing from prior studies, our novel findings demonstrate
that initial information given about the model is enough to have an impact,
and biased impressions can be developed even before seeing any demonstra-
tion of system capabilities.

Regarding their willingness to apply the system feedback, participants’
responses in the advanced description condition indicated a more positive
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attitude towards the system. These results can perhaps be attributed to
the perceived reliability of an advanced AI model, which likely instilled a
perception that the feedback was more valid even though the conditions
did not differ in the method or quality of feedback given. The research
findings align with existing research on the impact of first impressions on user
perceptions and the mental model of the systems, highlighting the importance
of initial presentation in shaping user attitudes and acceptance of Al systems
[8, 63, 62].

The study did not find significant differences for user trust and partici-
pants’ willingness to use the system in the future. We note that prior work
has sought to distinguish trust from reliance. Scharowski et al. [86], for
example, emphasized that trust is an attitude whereas reliance is a behav-
ior. Hoffman et al. [87] also stated that the difference between the two
can be understood as trusting a machine as opposed to following its advice.
In that sense, prior work see trust and reliance as being “conceptually dis-
tinct” and as not sharing a “deterministic but a probabilistic relationship”
[86]. Participants’ willingness to apply the system feedback, which was sig-
nificantly different between the conditions in our study, is more aligned with
user reliance, and their willingness to use the system in future, which was
not significantly different, is more related to trust. Hence it may be sensible
that the former is not affected by Al model description, but the latter is.

5.2. Implications for Design and Applications

The results also highlight the awareness of potential ethical concerns
about how Al-powered applications are presented in the real world, as the
findings suggest the possibility that end users might be inclined to perceive
a system as being “better” or more accurate simply due to the origin of the
technology. For real applications, developers or companies might have an
incentive to overclaim the value of impressive credentials or technical com-
plexity of Al for the purposes of influencing more positive impressions of
the technology. Of course, such implications would be counter to preferred
practices for transparency. In addition, if users give weight to the origin of
a model when judging Al, the findings indicate that large and established
companies might have an unfair advantage for acceptance of Al technology
over smaller organizations—regardless of the objective capabilities of the Al

Framing effects also have implications for research studies. In particular,
for human-subjects studies adopting low-fidelity prototype, Wizard-of-Oz im-
plementations, or manually-crafted, simulated Al models in place of actual
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complete Al model, the results of our study suggest that the nature of spe-
cific information given to study participants about the AI model might affect
study results, and there may be potential confounds with other experimental
manipulations in cases where details of the actual model (real or synthetic)
does not accurately match presented details. Further, since we have evidence
that differences in presenting technical details can influence perception of Al
capabilities, this raises ethical concerns about participant deception if de-
tails are not presented sufficiently and accurately. Awareness of the impor-
tance of presentation differences in research studies further demonstrates the
complexity of the design space for possible contextual factors that can have
substantial effects on user thinking and behaviors.

From a domain perspective, our work provides guidance for the design of
Al-based job interview training systems (JITS). The use of Al in these kinds
of systems is becoming increasingly common. The study results indicate that
it is important for designers to pay attention to how the Al is described to
users prior to their use of the system since the description can affect what
they take away from the system eventually, hence the system’s usefulness to
its users. Oftentimes, JITS and many other similar systems present little to
no information about the Al used. However, as noted in the introduction,
since it is unlikely that users will have extensive or sustained interactions with
systems like JITS, it may perhaps be beneficial to optimize the potential for
system output uptake through simple design features like the presentation of
AT model information.

5.3. Limitations and Future Work

This research raises important questions about how to present model
transparency and explanations. Generally, most people would argue for
providing more descriptive information about an AI model, when possible.
However, the results of our study also highlight potential risks of biasing
user judgment of Al systems regardless of the actual underlying system ca-
pabilities or model accuracy. Due to the wizard-of-oz nature of simulating
model output for our experiment, we are confident all participants observed
reasonably high-quality output from the system. This does leave open ques-
tions about whether the effect of model descriptions might change based on
differences in model quality or performance.

Other factors such as user demographics and familiarity with the topic
or domain receiving Al support could have influenced the results. For ex-
ample, Nourani et al. [8] found that differences in user expertise made a
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significant difference on how participants were influenced by early impres-
sions with model errors. Since our experiment was done in the context of
evaluating responses in job interviews (with common non-domain specific,
human resources questions), the participants likely had the ability to judge
the input on their own. Future work could expand the research to include
the study of effects of different model descriptions in cases with varying lev-
els of alignment between user knowledge and model decision making. For
example, a direct extension for our study design might include interviews
involving challenging technical questions.

It would be interesting to consider how important users’ technical knowl-
edge is for susceptibility to biasing effects with Al models. Especially for
model descriptions, we might expect the effect to only exist when users have
enough technical knowledge for the description to matter, as was ensured by
participant recruitment from university computing courses for our study. We
would encourage expanded research on this topic to consider a broader range
of technical knowledge as well as other demographic variability.
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