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ABSTRACT

Artificial intelligence (AI) systems are increasingly used in interview preparation and other eval-
uative settings to provide automated feedback and performance assessment. However, while
such systems may support reflection and learning, users may also misjudge their own perfor-
mance after interacting with AI-generated feedback. This thesis investigates user calibration
in AI-supported interview preparation, defined as the alignment between users’ subjective self-
assessments and objective performance evaluations. More specifically, the study examines how
explanatory feedback and evaluative stress influence this alignment.

To investigate these effects, a web-based interview simulation platform was designed and im-
plemented, integrating conversational interaction, automated evaluation, speech processing, and
response-grounded explanatory feedback. A controlled between-subjects study (N = 87) exam-
ined the effects of explanatory feedback and evaluative stress on user calibration.

The findings show that evaluative stress significantly affected user calibration, leading partic-
ipants to underestimate their interview performance more strongly under stressful conditions.
In contrast, explanatory feedback alone did not significantly improve calibration, although it
showed indications of partially attenuating the negative effects of stress. Additionally, cali-
bration was more strongly associated with perceived usefulness and reliance on AI-generated
feedback than with general trust in the system.

Overall, this thesis highlights calibration as an important dimension of human-AI interaction
in evaluative contexts and contributes design implications for AI systems intended to support
reflective self-assessment and feedback interpretation under varying cognitive conditions.

Keywords: Explainable AI, Human-AI Interaction, User Calibration, Interview Preparation,
Evaluative Feedback
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Chapter 1

Introduction

1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Aims and Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.3 Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.4 Contribution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.5 Structure of the Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.6 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.1 Introduction

AI systems increasingly shape how users prepare for high-stakes tasks such as job interviews.
While these systems provide scalable and immediate feedback, they also introduce a critical
challenge: users may misjudge how well they actually perform. In evaluative settings, inaccu-
rate self-assessment can negatively affect learning, decision-making, and future performance,
particularly when users rely on AI-generated feedback to evaluate their own abilities [1].

In this work, we examine this challenge through the lens of user calibration, defined as the align-
ment between users’ subjective self-assessments and objective performance assessments [1, 2].
Prior research has shown that individuals frequently exhibit overconfidence or underconfidence,
particularly in complex or uncertain tasks [3]. In AI-supported environments, this challenge be-
comes increasingly important, as users must interpret AI-generated evaluative feedback and
incorporate it into their own judgments. Explainable AI (XAI) has been proposed to improve
users’ understanding of AI outputs and increase transparency in human–AI interaction [4]. How-
ever, prior work suggests that explanations do not always improve users’ ability to independently
evaluate AI-generated feedback and may instead increase confidence or perceived understand-
ing without improving self-assessment accuracy [5, 6].

Beyond explainability, users do not interact with AI systems in a uniformly reflective manner.
Prior work shows that users may over-rely on AI outputs through automation bias, while in
other cases they may reject AI recommendations after observing errors, reflecting algorithmic
aversion [7, 8]. These interaction patterns suggest that users may either defer to AI-generated
feedback without sufficient critical evaluation or disregard it altogether depending on perceived
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system reliability. Consequently, trust in AI systems may not necessarily correspond to im-
proved evaluative judgment [9]. In evaluative contexts, such dynamics may distort how users
assess their own performance, contributing to user miscalibration.

These challenges become particularly important stressful conditions. High-pressure situations
such as interviews increase cognitive load and encourage more heuristic forms of decision-
making [10], reducing reflective self-assessment and increasing reliance on external feedback.
As a result, evaluative stress may influence not only task performance, but also how users inter-
pret AI-generated feedback and assess their own performance, potentially increasing discrepan-
cies between subjective and objective performance assessments [11, 12].

To investigate these challenges, this thesis studies AI-supported interview preparation as a high-
stakes human-AI interaction setting in which users interpret system feedback, reflect on their
performance, and assess their own interview abilities under different cognitive conditions. As
illustrated in Figure 1, the study followed a controlled experimental methodology investigat-
ing user calibration under different feedback and stress conditions. The figure summarizes the
overall study workflow, the four experimental conditions, the research questions guiding the in-
vestigation, and the main findings related to calibration, stress, trust, and perceived usefulness.
Within this framework, a web-based interview simulation system was developed to systemati-
cally manipulate two factors: (i) the presence of explanatory feedback and (ii) the presence of
evaluative stress during the interaction.

Although the system supported context-sensitive conversational behavior, interview flow, stage
progression, and evaluation procedures remained backend-controlled to preserve experimental
consistency across participants and conditions.

Figure 1: Overview of the study workflow, experimental conditions, research questions, and
key findings.
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1.2 Aims and Objectives

Themain aim of this thesis is to investigate how explanatory feedback and evaluative stress influ-
ence users’ ability to accurately assess their performance in AI-supported interview preparation.
More specifically, the work examines calibration as a core dimension of human-AI interaction,
focusing on how users interpret and utilize AI-generated evaluative feedback under conditions
with and without evaluative stress.

To achieve this goal, the thesis pursues the following objectives:

• Design and implement an AI-supported interview preparation system integrating conver-
sational interaction, automated evaluation, and explanatory feedback.

• Investigate how explanatory feedback influences users’ calibration between subjective
and objective performance assessments.

• Examine how evaluative stress affects users’ self-assessment accuracy and interaction
with AI-generated feedback.

• Analyze the relationships between calibration, trust, perceived usefulness, and reliance
on AI feedback.

• Derive design implications for evaluative AI systems that support accurate and reflective
self-assessment.

1.3 Research Questions

To structure the investigation, this thesis addresses the following research questions:

• RQ1: How do explanatory feedback and stress influence users’ calibration between sub-
jective and objective interview performance assessments?

• RQ2: To what extent does explanatory feedback moderate the effect of stress on users’
calibration of interview performance assessments?

• RQ3: How do user perceptions (trust, perceived usefulness) and reliance on AI feedback
relate to users’ calibration of performance assessment?

1.4 Contribution

This thesismakes several contributions toHuman-Computer Interaction (HCI) andAI-supported
evaluative systems research.

First, the work introduces a controlled AI-supported interview preparation framework integrat-
ing conversational interaction, backend-guided interview orchestration, automated evaluation,
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speech processing, and response-grounded explanatory feedback.

Second, the study provides empirical evidence that evaluative stress significantly impairs user
calibration in AI-supported interview preparation, highlighting calibration as an important out-
come of human-AI interaction.

Third, the findings demonstrate that explanatory feedback does not uniformly improve calibra-
tion, but instead exhibits context-dependent effects under stress conditions.

Finally, the thesis shows that calibration is associated more strongly with perceived usefulness
and reliance on AI feedback than with general trust in the system, emphasizing the need to move
beyond trust-centered evaluations of AI interaction.

1.5 Structure of the Thesis

The remainder of this thesis is organized as follows.

Chapter 2 presents the theoretical background and related work on explainable AI, calibration,
trust and reliance in AI systems, human–AI interaction, and AI-supported interview preparation.

Chapter 3 presents the architecture and interaction workflow of the proposed AI-supported in-
terview preparation system. It describes the main system components, interview orchestration
process, evaluation pipeline, stress manipulation, and the generation and presentation of ex-
planatory feedback.

Chapter 4 presents the design and implementation of the platform, including the database archi-
tecture, interaction workflow, evaluation components, and experimental condition integration.

Chapter 5 presents the evaluation study and experimental findings. It describes the study de-
sign, participants, procedure, outcomemeasures, data analysis, and results regarding calibration,
stress, explanatory feedback, trust, and reliance on AI feedback.

Finally, Chapter 6 summarizes the main findings of the thesis, discusses limitations, and outlines
directions for future research.

1.6 Chapter Summary

This chapter introduced the research problem addressed in this thesis, focusing on user cali-
bration in AI-supported interview preparation. It discussed how explanatory feedback, evalu-
ative stress, trust, and reliance may influence users’ self-assessment after interacting with AI-
generated feedback. The chapter also presented the aims, research questions, contributions, and
overall structure of the thesis.
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Chapter 2

Related Work

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.2 AI-supported Evaluative and Educational Systems . . . . . . . . . . . . . . . . 6

2.2.1 Structured Evaluation and Interview Preparation . . . . . . . . . . . . 6
2.2.2 AI-generated Feedback and User Reflection . . . . . . . . . . . . . . . 6

2.3 Explainability and Human Understanding in AI Systems . . . . . . . . . . . . 7
2.3.1 Explainable AI and Interpretability . . . . . . . . . . . . . . . . . . . 7
2.3.2 Limitations of Explanatory Feedback . . . . . . . . . . . . . . . . . . 8

2.4 Calibration, Trust, and Cognitive Factors in Human-AI Interaction . . . . . . . 8
2.4.1 User Calibration in Evaluative AI Systems . . . . . . . . . . . . . . . 8
2.4.2 Trust and Reliance in Human-AI Interaction . . . . . . . . . . . . . . . 9
2.4.3 Stress and Cognitive Load in AI-assisted Tasks . . . . . . . . . . . . . 9

2.5 Research Gaps and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.6 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.1 Introduction

This chapter reviews prior research relevant to AI-supported interview preparation and user
calibration in evaluative human-AI interaction settings. Existing literature suggests that AI-
generated feedback can influence not only user performance, but also how users interpret, eval-
uate, and reflect on their own abilities [8, 9, 13]. At the same time, prior work highlights the
importance of explainability, trust, reliance, and cognitive factors in shaping users’ interactions
with AI systems [4, 12, 14].

To better situate the present work, the chapter is organized into three broader research areas.
First, we review AI-supported evaluative and educational systems, with a focus on interview
preparation and automated feedback generation. Second, we examine research on explainable
AI and human understanding, focusing on how explanations influence user interpretation and
decision-making. Third, we discuss calibration, trust, reliance, and stress in human-AI interac-
tion, emphasizing factors that affect users’ ability to accurately assess their performance.
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2.2 AI-supported Evaluative and Educational Systems

2.2.1 Structured Evaluation and Interview Preparation

Employment interviews are widely used to evaluate candidates, with prior work emphasizing the
importance of structured formats, standardized questions, and consistent evaluation criteria for
improving reliability and validity [15, 16]. Structured interviews are generally associated with
reduced evaluator bias, improved comparability across candidates, andmore reliable assessment
outcomes compared to less standardized interview formats [16,17]. In these settings, predefined
rubrics and scoring schemes are commonly used to support consistency and comparability across
candidates and evaluators [18, 19].

Recent advances in artificial intelligence have introduced AI-supported systems for interview
preparation and evaluation, enabling scalable simulation of interview scenarios and automated
feedback generation [20,21]. Early conversational agents such as MACH demonstrated how AI
systems can support interview training by providing users with real-time evaluative feedback on
their responses [13]. Since then, AI-assisted interview platforms have increasingly incorporated
automated scoring, feedback generation, and conversational interaction mechanisms [22].

These systems aim to provide scalable, accessible interview training while reducing the need
for human supervision and evaluation. In addition to supporting repeated practice opportuni-
ties, AI-assisted interview platforms may encourage reflection through immediate evaluative
feedback and conversational guidance [13,23]. However, the increasing use of automated eval-
uation mechanisms has also raised concerns regarding transparency, consistency, fairness, and
the extent to which users critically engage with AI-generated assessments [5, 9, 21].

More recent conversational AI systems have additionally explored adaptive interaction behav-
iors, including dynamic follow-up questioning, conversational personalization, and context-
sensitive interviewer behavior [13, 23, 24]. While adaptive interaction may improve conversa-
tional realism and user engagement [23], excessive variability in interviewer behavior may af-
fect comparability across sessions and introduce inconsistencies in evaluative outcomes. These
challenges highlight the need to balance adaptive conversational realism with standardized eval-
uation procedures in AI-supported interview environments.

2.2.2 AI-generated Feedback and User Reflection

Despite the scalability and accessibility benefits offered by AI-supported evaluative systems,
concerns remain regarding the validity, fairness, and potential biases of automated evaluation
mechanisms [21]. In many cases, AI-generated feedback is reduced to numerical scores, rubric-
based evaluations, or brief textual suggestions, potentially oversimplifying complex human per-
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formance and limiting deeper reflection [4, 9]. Although such forms of feedback may improve
efficiency and scalability [20], they may provide limited support for deeper reflection and nu-
anced self-evaluation in evaluative settings.

Prior work further suggests that users may rely on automated outputs without critically engag-
ing with them, particularly when feedback is perceived as authoritative or objective [9]. In such
cases, users may accept automated evaluations with limited critical scrutiny, potentially reinforc-
ing automation bias and reducing independent judgment [7,8]. Recent research has additionally
highlighted that AI-generated evaluations may influence not only users’ task performance, but
also their confidence, trust, and perceptions of their own abilities [5, 25].

Collectively, these findings suggest that AI-supported evaluative systems may influence not
only task performance, but also how users form judgments about their own abilities and perfor-
mance. These effects may become particularly important in evaluative contexts such as inter-
view preparation, where users must simultaneously interpret automated evaluations and assess
their own abilities [1, 2]. However, limited attention has been given to how different forms of
AI-generated evaluative feedback, including explanatory feedback, influence user calibration in
interview preparation contexts.

2.3 Explainability and Human Understanding in AI Systems

2.3.1 Explainable AI and Interpretability

Explainable AI seeks to make AI outputs more understandable by providing users with expla-
nations for system decisions and recommendations [26, 27]. These explanations are commonly
presented through justifications, feature-based feedback, evidence highlighting, example-based
explanations, or structured reasoning intended to help users interpret AI outputs and understand
how particular conclusions are reached [28, 29]. From a human-centered perspective, explana-
tions are often designed to support users’ sensemaking processes, improve transparency, and
help users form more accurate mental models of AI system behavior [27, 30].

Prior work further suggests that interpretability plays an important role in shaping how users per-
ceive, understand, and interact with AI systems [4,26]. In many human-AI interaction settings,
explanations are intended to help users engage more critically with AI-generated outputs and
support informed decision-making [6, 30]. As a result, explanations are frequently associated
with improved user understanding, interaction quality, and perceived transparency.

At the same time, the effectiveness of explanations may depend heavily on contextual and
interaction-related factors, including explanation format, task complexity, user expertise, and
the goals of the interaction [27,29]. In evaluative settings, explanatory feedback may addition-
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ally influence how users interpret assessments of their own performance and how they incorpo-
rate AI-generated evaluations into their self-assessment processes.

2.3.2 Limitations of Explanatory Feedback

However, growing evidence suggests that explanations do not always improve users’ judgment,
decision quality, or interaction outcomes [31]. Prior work shows that explanations can some-
times encourage over-reliance on automated systems, particularly when users perceive explana-
tions as persuasive or authoritative rather than critically informative [9]. Similarly, explanations
may increase users’ perceived understanding of AI outputs without necessarily improving their
ability to identify errors or independently evaluate output quality [27]. Recent work further sug-
gests that explanations can influence users’ perceived understanding, confidence, and trust in
AI systems even when objective performance does not improve [5, 25].

In some cases, explanations may create an illusion of understanding, leading users to believe that
they understand or evaluate AI-generated outputs more effectively than they actually do [6,27].
Such effects may become particularly important in evaluative interaction settings, where users
must simultaneously interpret AI-generated assessments and evaluate their performance. Un-
der these conditions, persuasive or simplified explanations may unintentionally reduce critical
reflection and encourage passive acceptance of automated evaluations [8, 9].

Together, these findings point to a potential disconnect between perceived understanding and
accurate self-evaluation in explainable AI systems. Rather than uniformly improving user judg-
ment, explanations may shape how users interpret, evaluate, and reflect on their performance in
complex and context-dependent ways, particularly in evaluative human-AI interaction settings.

2.4 Calibration, Trust, and Cognitive Factors in Human-AI Interaction

2.4.1 User Calibration in Evaluative AI Systems

Calibration refers to the alignment between users’ subjective self-assessments and objective
performance assessments [1, 2]. In human-AI interaction, calibration plays an important role
because it reflects users’ ability to accurately evaluate their own performance relative to external
assessment. Prior work shows that individuals frequently exhibit miscalibration, often in the
form of overconfidence or underconfidence, particularly in cognitively demanding, uncertain, or
feedback-driven tasks [3,32,33]. Such effects may become especially important in AI-supported
environments, where automated feedback can shape how users interpret, evaluate, and reflect
on their own performance.

In evaluative interaction settings, users must not only receive AI-generated feedback, but also
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interpret and integrate it into their own judgments. As a result, calibration may be influenced
not only by the accuracy of AI-generated evaluations, but also by how users perceive and incor-
porate those evaluations during self-assessment and decision-making processes. In interview
preparation contexts, this challenge becomes particularly relevant because users are simultane-
ously required to interpret system feedback and assess their own interview abilities.

Together, these findings suggest that calibration represents a central challenge in evaluative
human-AI interaction, particularly in contexts where users rely on AI-generated feedback to
assess their own abilities and performance.

2.4.2 Trust and Reliance in Human-AI Interaction

A key factor shaping calibration in AI-supported environments is the distinction between trust
and reliance. Trust reflects users’ general attitudes toward an AI system, whereas reliance cap-
tures the extent to which users depend on AI outputs in practice [34]. Prior work further dis-
tinguishes trust from appropriate reliance, showing that trust in AI systems does not necessarily
lead to effective decision-making or calibrated interaction behaviors [14, 34].

Similarly, users may rely on AI-generated outputs even when those outputs are incomplete,
biased, or incorrectly interpreted [7, 8]. In some cases, overreliance on automated outputs may
contribute to automation bias, reduced critical reflection, and diminished independent evaluation
of system feedback [9]. Prior research additionally suggests that AI-generated feedback may
influence not only task performance, but also users’ confidence, perceived understanding, and
judgments about their own abilities [5, 25].

These findings suggest that effective human-AI interaction depends not only on whether users
trust AI systems, but also on whether users rely on automated feedback appropriately and criti-
cally during evaluative decision-making processes.

2.4.3 Stress and Cognitive Load in AI-assisted Tasks

Stress and cognitive load are important factors shaping judgment, decision-making, and self-
evaluation processes. Prior research suggests that stressful conditions and increased cognitive
pressure can reduce reflective reasoning and encourage greater reliance on heuristic processing,
potentially leading to biased judgments and reduced calibration accuracy [10–12]. Cognitive
load theory further suggests that individuals operating under high cognitive demands may have
reduced capacity to critically process information and evaluate complex feedback [11, 33].

In AI-supported interactions, stressful conditions may additionally increase dependence on au-
tomated feedback while reducing users’ ability to critically evaluate AI-generated outputs [9].
Under conditions of uncertainty, pressure, or limited cognitive resources, users may rely more
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heavily on automated recommendations and less on independent reasoning or reflective self-
assessment [7, 8]. These effects may become particularly important in evaluative interaction
settings such as interview preparation, where users must simultaneously respond to performance
pressure, interpret AI-generated evaluations, and assess their own abilities.

Taken together, prior work suggests that stressful and cognitively demanding conditions may
substantially influence how users interpret and rely on AI-generated feedback, potentially shap-
ing calibration and self-assessment accuracy in evaluative AI settings.

2.5 Research Gaps and Motivation

Despite growing interest in AI-supported interview preparation, explainable AI, and human-AI
interaction, important gaps remain in understanding how users evaluate their own performance
in AI-supported evaluative settings. Prior work has extensively examined explanations, trust,
and automated feedback, yet these factors are often studied in isolation [23,26,27]. Most existing
research has focused either on explanation design, trust in AI systems, or performance outcomes
independently, rather than examining how these factors jointly influence users’ self-assessment
and calibration processes. Comparatively less attention has been given to how explanatory feed-
back influences users’ calibration between subjective and objective performance assessments.

In addition, although stressful conditions and cognitive pressure are known to affect judgment
and reflective reasoning [10,12], their role in shaping interactions with AI-generated evaluative
feedback remains relatively underexplored. Existing research has also largely overlooked how
explanations and stress jointly influence user calibration in realistic feedback-driven contexts
such as interview preparation. This limitation becomes particularly important in evaluative set-
tings, where users must simultaneously interpret AI-generated assessments, reflect on their own
performance, and form judgments about their abilities. Furthermore, relatively limited attention
has been given to how adaptive conversational behavior and evaluative interaction design may
shape users’ interpretation of AI-generated feedback and self-assessment processes in controlled
interview environments [23, 30].

Motivated by these gaps, the present work examines calibration as a central outcome of evalu-
ative human-AI interaction in AI-supported interview preparation. Specifically, we investigate
how explanatory feedback and stressful interaction conditions jointly influence users’ ability to
accurately assess their own performance. By examining calibration through the combined ef-
fects of explanations, evaluative stress, and AI-generated feedback, this work aims to contribute
to a better understanding of how evaluative AI systems shape users’ perceptions of their own
abilities and performance.
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2.6 Chapter Summary

This chapter reviewed prior research on AI-supported evaluative systems, explainable AI, and
human-AI interaction. The discussion examined howAI-generated feedback, explanatorymech-
anisms, trust, reliance, and cognitive factors such as stress may shape users’ interpretation of
automated evaluations, self-assessment processes, and calibration accuracy. The chapter also
identified important research gaps regarding calibration in AI-supported interview preparation,
particularly under stressful evaluative conditions, thereby motivating the focus and research di-
rection of the present study.
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3.1 Introduction

This chapter presents the tools, technologies, and system architecture of the proposedAI-supported
interview preparation system. The technologies used for the development of the platform are
first introduced, followed by an overview of the system architecture and the interaction between
the frontend, backend, database, and AI components.

3.2 Technologies and Tools Used

For the design and implementation of the system, the following technologies and tools were
used:

1. Python: Python was used as the primary programming language for backend develop-
ment and AI integration due to its flexibility, readability, and extensive ecosystem of
libraries.

2. Visual Studio Code: Visual Studio Code was used as the main development environment
for code editing, debugging, and project management.

3. Django: The backend of the system was implemented using the Django web framework.
Django was selected because it supports rapid development, modular design, and efficient
database integration.

4. Django REST Framework: Django REST Framework (DRF) was used to support API-
based communication between the frontend and backend components.

5. PostgreSQL: PostgreSQL was used as the relational database management system for
storing user information, interview sessions, responses, evaluation results, and question-
naire data.
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6. Docker: Docker was used to containerize the application and ensure consistent deploy-
ment across different environments.

7. HTML, CSS, JavaScript, and Bootstrap 5: These technologies were used to develop
the frontend interface and support responsive user interaction.

8. OpenAIAPI:TheOpenAIAPIwas integrated into the system to generate context-sensitive
interview questions, support controlled conversational interaction, and evaluate user re-
sponses using a large language model.

9. faster-whisper: The faster-whisper framework was used to perform speech-to-text tran-
scription of users’ voice responses.

10. gTTS: The gTTS library was used for text-to-speech generation, allowing interview ques-
tions to be delivered in audio format.

11. JSONWeb Tokens (JWT): JWT authentication was used to support secure user authen-
tication and session management.

3.3 System Architecture

The system follows a 3-tier client-server architecture consisting of the presentation tier, appli-
cation tier, and data tier. This architecture was selected to support modularity, maintainability,
and scalability. As illustrated in Figure 2, the frontend communicates with the Django backend
through API requests, while AI and voice-processing components support transcription, evalu-
ation, and audio generation functionalities.

Importantly, interview progression and interaction constraints were not controlled directly by the
language model. Instead, the backend deterministically managed interview stages (introduction,
motivation, experience, and closing stage), follow-up eligibility, condition-specific interaction
behavior, and session progression rules. The language model operated within these externally
enforced constraints, generating only localized conversational content for each interaction step.
This separation between orchestration logic and language generation reduced uncontrolled vari-
ability across participants while preserving adaptive and context-sensitive interaction behavior.
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Figure 2: Overview of the proposed system architecture and interaction between the main
system components.

Each tier is responsible for different functionalities within the platform:

1. Presentation tier: This layer represents the frontend interface through which users in-
teract with the system. Users can upload their CV and job description, create interview
sessions, answer interview questions, and view evaluation results and feedback. The in-
terface follows a chat-based conversational interaction design supporting sequential in-
terview progression, adaptive questioning behavior, and voice-based interaction.

2. Application tier: This layer contains the main backend orchestration logic implemented
in Django. Beyond managing user authentication and API communication, the backend
controls interview progression, session statemanagement, stage transitions, and condition-
specific interaction behavior. Interview questions and follow-up prompts are generated
through a large language model accessed via the OpenAI API, while the backend exter-
nally enforces interaction constraints, including follow-up eligibility, stage persistence,
and experimental condition rules. User responses are additionally processed through the
speech-to-text pipeline and evaluated using the AI-based assessment framework before
the generated feedback and evaluation results are returned to the frontend interface.

3. Data tier: This layer is responsible for persistent data storage. PostgreSQL was used
to store users, uploaded CVs, job descriptions, interview sessions, question-answer pairs,
evaluation scores, generated feedback, questionnaire responses, and additional interaction
metadata such as audio-based emotion analysis outputs.
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The frontend communicates with the backend through API requests, while the backend coor-
dinates interactions between the AI services and the database. When a user submits a voice
response, the audio is first transcribed into text using the speech-to-text component. The tran-
scription is then evaluated through the AI pipeline, and the generated evaluation results and
feedback are returned to the frontend interface.

The separation of the system into independent tiers improves maintainability and allows future
extensions of the platform without affecting the overall architecture. Docker containerization
additionally supports portability and consistent deployment across environments.

3.4 Chapter Summary

This chapter presented the tools, technologies, and overall architecture of the proposed AI-
supported interview preparation system. The discussion described the main technologies used
for backend development, frontend interaction, databasemanagement, AI integration, and speech
processing functionalities. In addition, the chapter presented the system architecture and ex-
plained how the frontend, backend, database, and AI components interact to support interview
orchestration, automated evaluation, explanatory feedback generation, and controlled conversa-
tional interaction across experimental conditions.
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4.1 Introduction

This chapter presents the design and implementation of the proposed AI-supported interview
simulation platform. The system enables users to participate in structured mock interview ses-
sions based on their uploaded CV and a selected job description while interacting with an AI
interviewer through a conversational interface.

The platform was designed to support the experimental conditions of this study by enabling
controlled manipulation of explanatory feedback and stress-related interaction behavior. More
specifically, the system supports controlled conversational interaction, backend-guided inter-
view orchestration, AI-based evaluation, and the collection of both objective and subjective
assessment data across experimental conditions. These components were integrated to exam-
ine how explanatory feedback and evaluative stress influence users’ calibration, trust, perceived
usefulness, reliance on AI-generated feedback, and overall interaction behavior.

The following sections describe the system architecture, database structure, interaction work-
flow, and implementation decisions underlying the development of the platform. Particular em-
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phasis is placed on the orchestration of interview stages, evaluation pipelines, speech-processing
components, and the integration of AI-generated feedback within the experimental workflow.
The complete prompt specifications, parameterization strategy, and condition-specific configu-
rations are provided in Appendix I.2.

4.2 Database Design

The system is supported by a structured relational database designed tomanage user information,
interview sessions, interaction history, and evaluation data. The database architecture enables
efficient storage and retrieval of both static user information and dynamic data generated during
interview simulations. An overview of the database architecture is illustrated in Figure 3.

User entity, which represents each participant. Users can upload their CVs and corresponding
job descriptions, which are stored as separate entities and later used to generate personalized in-
terview questions. The CV and JobDescription entities store uploaded documents together with
their extracted textual content. This extracted information is subsequently used as contextual
input for the large language model (LLM) during interview question generation.

At the core of the interaction workflow is the Session entity, which represents a complete in-
terview instance associated with a user, CV, and job description. In addition, sessions store
configuration parameters related to the experimental conditions, including the interview mode
(e.g., normal or pressure condition) and whether explanatory feedback is enabled. Aggregate
evaluation metrics, such as clarity, structure, depth, confidence, relevance, and overall score, are
maintained at the session level to support analysis of interview performance across conditions.

Within each session, the interaction is modeled as a sequence of Question-Answer (QA) pairs.
Each QA entity stores the generated interview question, the user’s response, and detailed eval-
uation results. These evaluation results include numerical assessment scores and structured
feedback components, such as strengths, areas for improvement, missing points, highlighted
excerpts, and example improved answers. This structure allows the system to maintain detailed
records of the interaction process while supporting consistent AI-based evaluation across all
interview sessions.

To further support analysis of interaction behavior during interview sessions, the system incorpo-
rated an AudioEmotion entity storing lightweight emotion-related metadata derived from users’
voice responses, including inferred emotional cues, intensity estimates, confidence scores, and
timestamps. These signals were not used for automated evaluation or scoring, but instead served
as auxiliary contextual information for limited conversational adaptation during interview ques-
tion generation and interaction flow. More specifically, affective cues could influence localized
interviewer tone and probing behavior while preserving the predefined interview structure and
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Figure 3: Overview of the database architecture and relationships between the main system
entities.

experimental constraints. The collected metadata may additionally support future multimodal
analysis of stress and interaction behavior.

In addition to interview interaction data, the system also includes BaselineQuestion and Baselin-
eAnswer entities. These entities are used to store users’ responses to post-session questionnaires
and support the collection of subjective self-assessment data. The baseline questions capture
aspects such as perceived performance, confidence, stress, trust, and overall user experience,
while the corresponding answers provide insight into users’ self-evaluation after completing an
interview session.

Overall, the database design supports both the functional requirements of the platform and the
experimental requirements of the study, enabling detailed tracking of user interactions, evalua-
tion outcomes, and calibration-related measures.
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4.3 Interaction Flow

This section describes the interaction flow of the system, outlining the main steps users follow
during their interaction with the platform. The workflow includes account access, document
upload, session configuration, interview interaction, and post-session evaluation. The interac-
tion process was designed to follow a structured and consistent workflow, supporting a realistic
interview experience while maintaining the experimental conditions required for the study.

4.3.1 User Registration and Login

Users begin their interaction with the platform by either creating a new account or logging into
an existing one. The registration process requires users to provide basic information, including a
username, user alias, date of birth, and password. Password creation follows predefined security
requirements, such as minimum length constraints and the inclusion of alphanumeric characters.

As illustrated in Figure 4, the registration interface was designed to be simple and user-friendly,
guiding users through the required fields while clearly presenting validation constraints. This
design supports accessibility and minimizes friction during the onboarding process. In addition,
the final two characters of the user alias were used internally by the system to assign participants
to one of the four experimental conditions of the study. This mechanism supported controlled
distribution of participants across conditions while preserving a consistent registration workflow
from the user’s perspective.
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Figure 4: User registration interface.

After successful registration, users can log into the system using their credentials. The login
interface, shown in Figure 5, follows a minimal and straightforward design, allowing users to
quickly access the platform and begin interacting with the system.

Figure 5: User login interface.
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4.3.2 Dashboard and Session Management

After logging into the system, users are directed to the main dashboard, which serves as the
central hub of the platform. Through this interface, users can manage interview sessions, access
uploaded documents, review previous sessions, and navigate to additional functionalities.

As shown in Figure 6, the dashboard presents a simple and organized interface that highlights
the option to create a new interview session. If no sessions have been created yet, the plat-
form provides a prompt encouraging users to begin their first session. This design helps users
quickly understand the main functionality of the system while maintaining a clear and intuitive
navigation structure.

Figure 6: Main dashboard interface after user login.

From the dashboard, users can initiate a new session, review previously completed sessions, ac-
cess uploaded CVs and job descriptions, or navigate to the post-session questionnaire. Central-
izing these functionalities within a single interface improves usability and supports a consistent
interaction flow throughout the platform.

4.3.3 Document Upload Management

Before creating a new interview session, users must upload the documents required for inter-
view personalization. The platform provides a dedicated upload management page where users
can upload and manage their CVs and job descriptions. These documents form the basis for
generating personalized interview questions during the session creation process.

As shown in Figure 7, the interface is divided into two main sections: one for CV uploads
and one for job description uploads. Both sections support PDF files and include upload con-
trols, file validation information, and options for deleting previously uploaded documents. This
design allows users to clearly distinguish between personal profile information and target job
information while maintaining a simple and organized interaction flow.
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Figure 7: Document upload mechanism for CVs and job descriptions.

The uploaded CV and job description are stored in the database and later made available dur-
ing session creation. Separating document upload from session creation allows users to reuse
previously uploaded files across multiple interview sessions, improving flexibility and reducing
repetitive input during interaction with the platform.

4.3.4 Session Creation

After uploading the required documents, users can initiate a new interview session through the
dashboard by selecting the session creation option. This process allows users to configure the
interview before beginning the interaction with the AI interviewer.

As illustrated in Figure 8, users are required to provide a session name and select a previously
uploaded CV and job description. These selections determine the context of the interview and
allow the system to generate personalized interview questions tailored to the user’s profile and
target position.

Figure 8: Session creation interface.

22



In addition to document selection, each session is associated with specific interaction conditions
that influence the interview experience. These include the presence or absence of explanatory
feedback as well as the interaction mode related to stress-inducing interviewer behavior. Al-
though these parameters are configured internally by the system, they directly affect the inter-
action flow and feedback presentation experienced by users during the interview session.

Overall, the session creation process establishes the foundation for the interview interaction
by linking user-provided information with the experimental configuration of the system. This
ensures that each session remains both personalized and aligned with the study design.

4.3.5 Session Overview Interface

After creating a session, users are redirected to the session overview interface, which provides a
summary of the current interview state before continuing the interaction. The interface presents
general session information, including interview duration, overall evaluation score, session sta-
tus, and completion progress.

As illustrated in Figure 9, the interface additionally provides expandable sections containing
detailed evaluation information, generated feedback, and linked session documents. This design
allows users to monitor their interview progress and review session-related information through
a centralized interface.

Figure 9: Session overview interface displaying interview progress, evaluation information,
and session-related details.

The progress bar visually indicates interview completion status, while the overall score provides
users with a cumulative assessment of their performance during the session. Through this inter-
face, users can continue an active interview session and access additional evaluation information
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generated throughout the interaction process.

As illustrated in Figure 10, the session overview interface additionally provides aggregated eval-
uation summaries and overall interview feedback. The platform presents cumulative assessment
scores across predefined evaluation dimensions, including clarity, structure, depth, confidence,
and relevance.

Figure 10: Aggregated session-level evaluation scores across predefined assessment dimen-
sions.

In addition to numerical assessment summaries, the system generates structured session-level
feedback describing strengths, weaknesses, and areas for improvement throughout the interview
session. As shown in Figure 11, this feedback summarizes interaction patterns and provides
personalized recommendations intended to support reflection and interview preparation.

Figure 11: Session-level feedback summarizing interview strengths, weaknesses, and im-
provement suggestions.
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These session-level summaries allow users to review their overall interview performance be-
yond individual question evaluations, supporting broader reflection on communication quality,
answer structure, and preparedness throughout the interview interaction.

4.3.6 Interview Interaction Interface

After starting or continuing a session, users are redirected to the main interview interaction
interface, where they communicate with the AI interviewer through a conversational chat-based
environment. The interface was designed to simulate a realistic interview experience while
supporting a voice-based interaction.

As illustrated in Figure 12, each interview question is presented sequentially together with an
audio playback option, allowing users to hear the generated question through the text-to-speech
component. Users can respond verbally through the integrated voice recording functionality,
while their responses are displayed within the conversational interface after transcription. Al-
though interview questionswere dynamically generated, interview progression remained backend-
controlled throughout the interaction. The system externally enforced interview stages, follow-
up eligibility, and condition-specific interaction constraints, while the language model generated
localized conversational content within these predefined boundaries.

Figure 12: Main interview interaction interface during an active interview session.

The interface additionally provides access to automated evaluation results through a dedicated
evaluation button associated with each response. This interaction flow allows users to review
feedback and scores while maintaining a structured conversational interview experience.
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4.3.7 Evaluation Interface

After each response submission, the system generates automated evaluation results based on
predefined assessment dimensions. These results are presented through a dedicated evaluation
interface, illustrated in Figure 13.

Figure 13: Evaluation interface presenting rubric-based scores and automated assessment
results.

The evaluation interface displays assessment scores across multiple dimensions, including clar-
ity, structure, depth, confidence, and relevance, together with an overall performance score.
Depending on the experimental condition, the interface may additionally present explanatory
evaluative feedback grounded in specific excerpts of the user’s response.

This design enables users to review both quantitative assessment results and qualitative feedback
while maintaining consistency across interview sessions and experimental conditions.

4.3.8 Experimental Condition Differences

The platform was designed to support different experimental conditions through controlled vari-
ations in explanatory feedback and interviewer behavior. Specifically, the study manipulated
two main factors: the presence of explanatory feedback and the level of interview stress. Fig-
ure 14 presents examples from the interview interaction interface, while Figure 15 shows the
corresponding differences in evaluation feedback.

In the explanatory feedback condition, the system provided response-grounded evaluative sup-
port linked to specific excerpts of the user’s answer. As shown in Figure 14A, relevant parts
of the response were highlighted to indicate the evidence used by the system during evaluation.
This design was informed by prior work on explainable AI and instance-level explanations in
human-AI interaction [26, 27, 29].

The platform additionally supported stress-inducing interview conditions through controlled
variations in interviewer behavior. In the Stress OFF condition, participants interacted with a
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neutral interview process consisting of predefined interview questions without additional prob-
ing or evaluative pressure. In contrast, the Stress ON condition introduced a more demanding
interaction style involving stricter interviewer behavior and probing follow-up questions for in-
complete or vague responses. As illustrated in Figure 14B, the system generated additional
clarification questions intended to increase evaluative pressure and cognitive load during the
interview interaction [11, 33].

Figure 14: Representative interaction differences across conditions: Explanation ON high-
lighted response-grounded evidence excerpts (A), while Stress ON introduced probing follow-
up questions (B).

The feedback interface also differed depending on whether explanatory feedback was enabled.
In the Explanation ON condition, the evaluation interface presented detailed rubric-based feed-
back describing strengths, weaknesses, and areas for improvement across multiple evaluation
dimensions. As shown in Figure 15C, this feedback was connected to the user’s response and
provided qualitative explanations in addition to scores.

In contrast, the Explanation OFF condition provided numerical assessment scores together with
static rubric descriptions, without personalized response-grounded explanations. As illustrated
in Figure 15D, users received quantitative evaluation results while explanatory evaluative con-
tent was omitted. This condition was designed to preserve a consistent evaluation structure while
limiting interpretability-related support during feedback presentation.
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Figure 15: Comparison of evaluation feedback across explanation conditions: Explanation
ON provided response-grounded feedback (C), whereas Explanation OFF provided numerical
scores and static rubric references (D).

The experimental conditions were implemented through parameterized prompt configurations
while preserving a consistent interview structure across participants. For reproducibility pur-
poses, the complete interview, evaluation, and feedback prompts, together with the parameteri-
zation strategy used across experimental conditions, are provided in Appendix I.2.

Overall, these controlled differences enabled a systematic investigation of how explanatory eval-
uative feedback and interview stress influence users’ interpretation of automated assessment
results and their subjective self-assessment during AI-supported interview preparation.

4.3.9 Post-session Questionnaire

After completing the interview session, users are redirected to the post-session questionnaire.
This questionnaire was designed to collect subjective self-assessment data and user perceptions
after interacting with the AI-supported interview system.

As shown in Figure 16, the questionnaire interface presents items grouped into different mea-
surement categories using a Likert-scale format ranging from strong disagreement to strong
agreement. The questionnaire incorporated multiple validated measurement scales related to
perceived competence, effort and importance, pressure and tension, perceived usefulness, trust
in AI, reliance on AI feedback, and overall user experience [35–37].
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Figure 16: Post-session questionnaire interface used to collect subjective self-assessment and
user perception measures.

More specifically, the questionnaire included adapted subscales from the Intrinsic Motivation
Inventory (IMI) to assess perceived competence, effort, pressure, and perceived value of the
interview preparation process [35]. In addition, the system collected measures related to trust
in AI-generated feedback [14, 36], reliance on automated evaluation [9, 34], and overall user
experience through the UEQ-S questionnaire [37]. Open-ended questions were also included
to capture qualitative reflections regarding the perceived reliability and usefulness of the AI-
generated feedback.

The questionnaire responses were stored in the database and later used for experimental analysis.
These data enabled comparison between users’ subjective self-assessment and objective assess-
ment, supporting the analysis of calibration across the different experimental conditions [1, 2].

4.4 Chapter Summary

This chapter presented the design and implementation of the proposed AI-supported interview
preparation platform. The discussion described the database architecture, interaction workflow,
interview orchestration process, evaluation pipeline, and speech-processing integration support-
ing the experimental study. In addition, the chapter presented the main user interfaces and ex-
plained how the system implemented controlled variations in explanatory feedback and evalua-
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tive stress across experimental conditions. Overall, the implemented platform enabled structured
conversational interview interaction, automated evaluation, and the collection of both objective
and subjective assessment data required for the investigation of user calibration in AI-supported
interview preparation.
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5.1 Introduction

This chapter presents the evaluation of the AI-supported interview preparation system developed
in this thesis. The evaluation focused on how users assess their own interview performance after
interacting with AI-generated feedback, and how this process is shaped by explanatory feedback
and evaluative stress.

The study examined user calibration, defined as the alignment between participants’ subjective
self-assessments and objective performance assessments [1, 2]. In this context, calibration cap-
tures whether users accurately judge their interview performance after receiving feedback from
the system. This is particularly important in AI-supported evaluative settings, where users may
trust, rely on, or question automated feedback when forming judgments about their abilities.

To investigate these effects, a controlled user studywas conducted using a 2×2 between-subjects
design. The study manipulated two factors: explanatory feedback and stress. Explanatory feed-
back was either enabled or disabled, while the interview interaction was either neutral or stress-
inducing. The main goal was to examine whether explanations improve calibration, whether
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stress disrupts accurate self-assessment, and how user perceptions such as trust, perceived use-
fulness, and reliance relate to calibration outcomes.

5.2 Study

5.2.1 Study Design

The evaluation was conducted as a between-subjects experiment using a 2× 2 factorial design.
The two independent variables were explanatory feedback and stress. Explanatory feedback had
two levels: Explanation ON and Explanation OFF. Stress also had two levels: Stress ON and
Stress OFF. This design resulted in four experimental conditions:

• Explanation OFF + Stress OFF

• Explanation OFF + Stress ON

• Explanation ON + Stress OFF

• Explanation ON + Stress ON

Across all conditions, participants interacted with the same web-based interview preparation
system. The interface structure, interviewworkflow, evaluation pipeline, and core task remained
consistent across groups. This ensured that differences in participant responses and calibration
outcomes could be attributed primarily to the experimental manipulations rather than to changes
in the interface or procedure. Figure 17 provides an overview of the study procedure, illustrating
the main stages followed by participants.

Figure 17: Overview of the experimental workflow

5.2.2 Experimental Tasks

At the beginning of the session, participants uploaded a CV and a target job description in PDF
format. To ensure compatibility and consistency across sessions, uploaded documents were re-
quired to be written in English and smaller than 10MB. The system automatically processed the
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uploaded documents using AI-based extraction and structured summarization to identify rel-
evant information regarding the participant’s background and the target role, including skills,
experience, education, qualifications, responsibilities, and required technologies. These sum-
maries were then used to contextualize the interview and generate questions tailored to the par-
ticipant’s experience and target role.

Each participant answered a core set of five interview questions covering typical interview
stages, including introduction, motivation, experience, and closing. The interview was con-
ducted by the AI-supported conversational system, which acted as the interviewer while the
backend controlled the overall interview flow and stage progression to preserve comparable
interview experiences across participants and conditions. In the Stress OFF condition, the in-
terviewer used a neutral tone and presented only the fixed set of five questions. In the Stress
ON condition, the interviewer adopted a stricter and more fast-paced tone, and the system could
generate up to three additional follow-up questions when a previous response was evaluated as
incomplete, vague, or insufficiently specific. Follow-up eligibility was determined by the back-
end based on the previous response score and remained within the same interview stage. These
follow-up questions were intended to increase evaluative pressure and cognitive load during the
interview interaction [11, 33].

The explanation manipulation changed the type of feedback shown to participants after each an-
swer. In the Explanation OFF condition, participants received numerical scores and static rubric
information. In the Explanation ON condition, participants received response-grounded expla-
nations, including highlighted excerpts, strengths, weaknesses, missing points, and example im-
proved answers. This design was informed by prior work on explainable AI and instance-level
explanations in human-AI interaction [26, 27].

As discussed in Chapter 4, the experimental conditions differed in explanatory feedback and
interviewer behavior while maintaining a consistent interview structure across conditions. This
design helped ensure that observed differences were primarily associated with the experimental
manipulations rather than variations in the interaction process.

5.2.3 Recruitment and Procedure

Participants were recruited through university communities and personal networks. Participa-
tion was voluntary, and informed consent was obtained before the study. The study was con-
ducted remotely, and participants used their own devices. Standardized written instructions were
provided to ensure consistency across sessions.

After signing up through a Google Form, participants received an email containing the study
instructions, consent form, and a unique participant code. They were then randomly assigned to
one of the four experimental conditions. Before beginning the interview, participants completed
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a baseline questionnaire that collected demographic information, prior interview experience, and
initial perceptions of interview performance.

Participants then created an account on the platform, uploaded their CV and target job descrip-
tion, and started the interview session. After each response, the system evaluated the answer
and presented feedback according to the assigned explanation condition. At the end of the in-
terview, participants completed a post-session questionnaire assessing their subjective perfor-
mance, trust in AI-generated feedback, perceived usefulness, reliance on feedback, user experi-
ence, perceived competence, effort, and pressure.

Sessions in the Stress OFF condition typically lasted approximately 25-30 minutes. Sessions
in the Stress ON condition generally lasted approximately 35-40 minutes due to the additional
follow-up questions.

5.2.4 Participants

A total of N = 87 participants took part in the study. Participants were between 19 and 28
years old (M = 21.62, SD = 1.59). The sample included 58 male participants and 29 fe-
male participants. Most participants were undergraduate students, while a smaller number were
postgraduate or graduate-level students.

All participants were required to be proficient in English, as the interview interaction and ques-
tionnaires were conducted in English. Self-reported English proficiency ranged from basic to
advanced levels. Most participants had limited work experience and had attended one or two
interviews during the previous year. Participants also reported moderate to high familiarity with
AI tools such as ChatGPT, Gemini, and Claude. In addition, 49 participants indicated that they
were actively seeking employment.

5.2.5 Outcome Measures

The study collected both subjective and objective measures. The primary dependent variable
was calibration, operationalized as Delta Assessment. Delta Assessment was calculated as the
difference between objective assessment and subjective assessment:

Delta Assessment = Objective Assessment− Subjective Assessment

Positive values indicate that participants underestimated their performance, while negative val-
ues indicate overestimation. Values closer to zero indicate better calibration.

Objective assessment was based on evaluations provided by three independent expert raters
using a standardized preparedness rubric. More specifically, experts evaluated each interview
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session across dimensions related to perceived competence, effort and importance, pressure and
tension, and perceived value/usefulness. Scores were provided on a 7-point Likert scale and
aggregated by computing the mean across raters. Inter-rater reliability was assessed using the
intraclass correlation coefficient before aggregating the expert scores [38].

Subjective assessment was collected after the interview session through post-session question-
naires measuring participants’ perceived competence, effort and importance, pressure and ten-
sion, and perceived value/usefulness of the interview preparation process. Additional measures
examined trust in AI-generated feedback, reliance on AI feedback, explanation usefulness, and
overall user experience. IMI-based measures were used for perceived competence, effort, pres-
sure/tension, and value/usefulness [35], while UEQ-S was used to assess overall user experi-
ence [37]. Measures related to trust and reliance were informed by prior work on human-AI
trust and reliance [14, 34, 36]. The complete pre-session and post-session questionnaires are
provided in Appendix I.1.

Table 1 summarizes the main dependent variables and questionnaire-based measures collected
during the study. These measures were used to evaluate participants’ calibration, subjective
perceptions, and interaction behaviors throughout the interview process.

Table 1: Overview of dependent variables and measures used in the evaluation.

Variable Description

Delta Assessment Difference between objective and subjective assess-
ment. Positive values indicate underestimation, while
negative values indicate overestimation.

Objective Assessment Expert-rated interview performance using a standard-
ized evaluation form.

Subjective Assessment Self-reported performance assessment after the inter-
view session.

Perceived Competence IMI-based self-reported competence.
Effort / Importance IMI-based effort and importance measure.
Pressure / Tension IMI-based stress measure used as a manipulation

check.
Perceived Usefulness Participants’ perceived usefulness of the system.
Explanation Satisfaction Perceived quality of explanations in the Explanation

ON condition.
Trust in AI Trust in AI-generated feedback.
User Experience Usability and experience measured using UEQ-S.
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5.2.6 Data Analysis

The quantitative analysis examined how explanatory feedback and stress influenced user cali-
bration in AI-supported interview preparation. The main dependent variable was Delta Assess-
ment. To evaluate the effects of the experimental manipulations, a two-way between-subjects
ANOVA was conducted with Explanation and Stress as independent variables.

Before conducting the ANOVA, assumptions of normality and homogeneity of variance were
assessed using Shapiro-Wilk and Levene tests. No significant violations were observed, sup-
porting the use of parametric tests. Statistical significance was evaluated at α = .05. Effect
sizes were reported using eta-squared (η2) [39, 40].

Secondary analyses examined relationships between calibration and user perception measures.
Pearson correlations were used to assess associations between Delta Assessment, trust in AI,
perceived usefulness, and reliance on AI feedback.

5.3 Results

5.3.1 Main Effects of Stress and Explanation on Calibration

This analysis addresses RQ1, which investigated how explanatory feedback and evaluative stress
influence users’ calibration between subjective and objective interview performance assess-
ments. To examine these effects, a two-way between-subjects ANOVA was conducted with
Stress and Explanation as independent variables. Table 2 presents descriptive statistics for Delta
Assessment across the four experimental conditions. Positive values indicate underestimation
relative to objective performance assessment.

Table 2: Descriptive statistics for Delta Assessment across the four experimental conditions

Condition Mean SD 95% CI

Explanation OFF + No Stress 0.49 1.28 [-0.03, 1.02]
Explanation OFF + Stress 2.16 1.21 [1.61, 2.70]
Explanation ON + No Stress 0.80 0.94 [0.40, 1.19]
Explanation ON + Stress 1.50 1.20 [1.00, 2.00]

The analysis revealed a significant main effect of Stress, F (1, 82) = 21.68, p < .001, η2 = .21.
Participants in stress conditions showed higher positive Delta Assessment values compared to
participants in no-stress conditions. This indicates that stress increased underestimation relative
to objective performance assessment and disrupted accurate self-assessment.
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In contrast, there was no significant main effect of Explanation, F (1, 82) = 0.37, p = .546,
η2 = .004. This suggests that explanatory feedback alone did not substantially improve align-
ment between subjective and objective assessment. Overall, these findings indicate that stress
had a strong effect on calibration, while explanations by themselves were insufficient to reduce
calibration discrepancies.

5.3.2 Moderating Effect of Explanation on Stress

This analysis addresses RQ2, which examined whether explanatory feedback moderates the
effect of stress on users’ calibration. A two-way ANOVA revealed a marginally significant
interaction between Explanation and Stress, suggesting that the influence of stress on calibration
may vary depending on the presence of explanatory feedback. Although the interaction did not
reach conventional levels of statistical significance, it approached significance,F (1, 82) = 3.63,
p = .060, η2 = .04.

As illustrated in Figure 18, stress appeared to have a stronger negative effect on calibration
when explanatory feedback was absent. In the Explanation OFF condition, participants showed
substantially higher Delta Assessment values under stress. In contrast, the difference between
stress and no-stress conditions was smaller when explanatory feedback was enabled.

Figure 18: Interaction effect of stress and explanatory feedback on Delta Assessment.

Although exploratory, this pattern suggests that explanatory feedback may partially reduce the
calibration-disrupting effects of stress. Rather than uniformly improving calibration, explana-
tions may provide interpretive support under cognitively demanding interaction conditions.
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5.3.3 User Perceptions and Calibration

This analysis addresses RQ3, which examined the relationship between users’ perceptions of
the system, their reliance on AI feedback, and calibration outcomes. Pearson correlation analy-
ses were conducted to assess the associations between Delta Assessment, perceived usefulness,
reliance on AI feedback, and trust in AI.

Calibration was moderately negatively correlated with perceived usefulness (r = −0.41, p <

.01) and reliance on AI feedback (r = −0.39, p < .01). As illustrated in Figure 19, participants
who perceived the system as more useful and relied more on its feedback tended to show smaller
discrepancies between subjective and objective assessment.

In contrast, trust in AI was not significantly associated with calibration (r = −0.01, p > .05).
This finding suggests that general trust in the system did not necessarily correspond to more
accurate self-assessment. Instead, calibration appeared to be more closely related to how par-
ticipants used and relied on the feedback during reflection.

Figure 19: (a) Correlation matrix between calibration (Delta Assessment), trust in AI, per-
ceived usefulness, and reliance on AI feedback. (b) Relationship between perceived useful-
ness and calibration. (c) Relationship between reliance on AI feedback and calibration.

5.4 Chapter Summary

This chapter presented the evaluation of the proposed AI-supported interview preparation sys-
tem and examined how explanatory feedback and evaluative stress influenced users’ calibration
during interview preparation. The results showed that stress significantly disrupted accurate
self-assessment, leading participants to underestimate their performance relative to expert eval-
uations. Although explanatory feedback did not produce a significant main effect on calibration,
the observed interaction pattern suggested that explanations may partially attenuate the negative
effects of stress under cognitively demanding conditions. In addition, the findings demonstrated
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that calibration was more strongly associated with perceived usefulness and reliance on AI-
generated feedback than with general trust in the system, highlighting the importance of how
users interpret and utilize evaluative AI feedback during self-assessment.
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Chapter 6

Conclusions and Future Work
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6.1 Conclusions

This thesis investigated how explanatory feedback and evaluative stress influence users’ ability
to accurately assess their performance inAI-supported interview preparation. Framing interview
preparation as a feedback-driven human-AI interaction process, the study examined how users
interpret and utilize AI-generated evaluative feedback across different interview stress condi-
tions. More specifically, the work focused on calibration, defined as the alignment between
subjective self-assessments and objective performance assessments [1, 2].

To support this investigation, a web-based interview preparation system was designed and im-
plemented using Large Language Models (LLMs), automated speech processing, and conver-
sational interaction techniques. The platform enabled users to participate in structured mock
interviews, receive AI-generated feedback, and reflect on their own performance through post-
session self-assessment.

The findings showed that stress significantly impaired users’ ability to accurately evaluate their
performance, systematically increasing underestimation relative to objective performance as-
sessments. Although explanatory feedback did not directly improve calibration overall, the ob-
served interaction patterns suggested that explanations may partially reduce the negative effects
of stress under cognitively demanding conditions.

The study also highlighted important distinctions between trust, reliance, and calibration in
human-AI interaction. While trust in AI-generated feedback was not significantly associated
with calibration accuracy, perceived usefulness and reliance on AI feedback were more strongly
related to alignment between subjective and objective assessment [14,34]. These findings sug-
gest that users may trust AI systems without necessarily forming accurate self-assessments.
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Overall, this thesis contributes toHuman-Computer Interaction (HCI) andAI-supported learning
research by positioning calibration as an important dimension of interaction quality in evaluative
AI systems. The findings further demonstrate that the effectiveness of AI-generated feedback
depends not only on the information presented, but also on the cognitive conditions under which
users interpret that feedback [11, 33].

6.2 Contributions

This thesis further contributes to Human-Computer Interaction (HCI) and AI-supported evalua-
tive systems research by empirically examining calibration in AI-supported interview prepara-
tion settings [1, 2]. While prior work has often focused on usability, trust, or perceived system
effectiveness, this study investigates how accurately users align their subjective self-assessments
with objective performance evaluations during AI-supported interview preparation.

First, the thesis provides empirical evidence that evaluative stress significantly affects users’
calibration. The findings showed that stressful interaction conditions increased underestimation
relative to objective performance assessments, suggesting that cognitive and emotional factors
influence how users interpret evaluative AI feedback and assess their performance [11, 12].

Second, the study contributes to Explainable AI research by showing that explanatory feedback
does not necessarily improve calibration across contexts [27,29]. Although explanations did not
directly improve calibration, the observed interaction patterns suggest that explanatory feedback
may function as support under cognitively demanding conditions.

Third, the thesis highlights an important distinction between trust, reliance, and calibration in
human-AI interaction [9, 34]. While trust in AI-generated feedback was not significantly asso-
ciated with improved calibration, perceived usefulness and reliance on AI feedback were more
strongly related to lower calibration error. These findings suggest that trust alone may not nec-
essarily support accurate self-assessment during evaluative interaction.

Finally, this work contributes a web-based AI-supported interview preparation platform inte-
grating conversational interaction, automated speech processing, LLM-based evaluation, and
response-grounded explanatory feedback. The system provides a practical foundation for future
research on adaptive, stress-aware, and reflective AI-supported evaluative environments.

6.3 Limitations

Although this study provides useful insights into AI-supported interview preparation and cali-
bration, several limitations should be acknowledged.
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First, participants were recruited primarily through convenience sampling and mainly consisted
of university students familiar with AI technologies. As a result, the findings may not fully
generalize to broader populations or real professional interview settings.

Second, the evaluation was conducted in a simulated interview environment rather than a real
hiring context. Although the stress manipulation introduced evaluative pressure, it may not fully
capture the psychological demands of real-world interviews.

Third, the study focused primarily on calibration error (Delta Assessment), which reflects dis-
crepancies between subjective and objective assessments. While this measure captures calibra-
tion differences, it does not fully represent the broader reflective and metacognitive processes
involved in self-assessment [1, 2].

Finally, the findings are tied to the specific explanation design and interaction setup used in the
study. Different explanation styles, prompting strategies, or interaction designs may influence
calibration and self-assessment differently [27, 29].

6.4 Future Work

Future research could further explore adaptive and personalized forms of explanatory feedback
in AI-supported interview preparation. For example, explanation content and presentation could
dynamically adapt according to users’ expertise, confidence, or stress levels.

Another important direction involves longitudinal studies examining how calibration evolves
through repeated interaction with AI-generated feedback over time. Such studies could pro-
vide deeper insights into whether AI-supported reflection improves long-term self-assessment
accuracy and interview preparedness.

Future work could also investigate multimodal and stress-aware interaction approaches by incor-
porating behavioral or physiological signals such as speech characteristics, facial expressions,
or gaze behavior. These signals may help AI systems better estimate user stress and provide
more personalized evaluative feedback.

Finally, future research should continue examining calibration as a central component of effec-
tive human-AI collaboration, particularly in high-stakes evaluative settings where users must
accurately assess their own performance while interacting with AI-generated feedback.

6.5 Chapter Summary

This chapter summarized themain findings, contributions, limitations, and future research direc-
tions of the thesis. The findings highlighted how evaluative stress significantly influenced user
calibration in AI-supported interview preparation, while explanatory feedback showed context-
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dependent effects under cognitively demanding conditions. The chapter further discussed the
thesis contributions to HCI and AI-supported evaluative systems research, particularly regard-
ing calibration, explanatory feedback, and human-AI interaction. Finally, the limitations of the
study and potential directions for future work were presented, including adaptive explanatory
feedback, longitudinal evaluation, and multimodal stress-aware AI interaction.
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APPENDIX I

Questionnaires and Prompt Design

I.1 Questionnaires

This appendix presents the questionnaires administered before and after the interview prepa-
ration session. The instruments capture participants’ background, baseline perceptions, and
post-session evaluations of the AI system.

I.1.1 Pre-Session Questionnaire

The pre-session questionnaire collected demographic information and baseline measures of in-
terview preparedness prior to interaction with the system.

I.1.1.1 Demographics and Background

1. Gender

2. Age

3. Year of studies

4. Level of English proficiency

5. Have you previously participated in this study?

6. How would you rate your overall experience with AI-based systems?

7. How many job interviews have you attended in the last year?

8. How many years of work experience do you have?

9. Have you previously used any AI-based tools for interview preparation? If yes, please
briefly describe the tool(s) and how you used them.

10. Are you currently actively seeking a job?

I.1.1.2 Baseline Interview Preparedness (IMI-adapted)

Participants responded using a 7-point Likert scale: 1 = Not at all true, 7 = Very true.

I.1.1.2.1 Perceived Competence

1. I think I am pretty good at preparing for job interviews.
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2. I believe I generally perform well in interview preparation tasks compared to others.

3. I feel competent about participating in a real job interview.

4. I am satisfied with my current interview preparation skills.

5. I feel that I am skilled at preparing for interviews.

6. Preparing for job interviews is something I do not do very well. (R)

I.1.1.2.2 Effort / Importance

1. I usually put a lot of effort into preparing for job interviews.

2. I do not try very hard when preparing for job interviews. (R)

3. I try very hard when preparing for interviews.

4. It is important for me to perform well in job interviews.

5. I do not put much energy into interview preparation. (R)

I.1.1.2.3 Pressure / Tension

1. I usually do not feel nervous when preparing for job interviews. (R)

2. I tend to feel tense when preparing for job interviews.

3. I usually feel relaxed when preparing for job interviews. (R)

4. I feel anxious when thinking about job interviews.

5. I feel pressured when preparing for job interviews.

I.1.1.2.4 Value / Usefulness

1. Preparing for job interviews is valuable to me.

2. I believe interview preparation helps improve my interview performance.

3. I think interview preparation helps me understand how to improve my answers.

4. I am willing to spend time preparing for interviews because it is useful to me.

5. Interview preparation helps me identify strengths and weaknesses in my responses.

6. I believe preparing for interviews is beneficial to me.

7. I think interview preparation is an important activity.

I.1.1.3 Logistics

1. When do you expect to start the interview session?
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2. Please provide your email address for study communication purposes.

I.1.2 Post-Session Questionnaire

The post-session questionnaire assessed participants’ perceptions of performance, interaction
experience, and attitudes toward the AI system.

Unless otherwise stated, items were rated on a 7-point Likert scale: 1 = Strongly disagree, 7 =
Strongly agree.

I.1.2.1 Intrinsic Motivation Inventory (IMI)

I.1.2.1.1 Perceived Competence

1. I think I am pretty good at preparing for interviews using this system.

2. I think I did pretty well in this interview preparation task, compared to other participants.

3. After working on this interview preparation task for a while, I felt quite competent for a
real interview.

4. I am satisfied with my performance during the interview preparation task.

5. I felt that I was pretty skilled at this interview preparation activity.

6. This was an interview preparation task that I could not do very well. (R)

I.1.2.1.2 Effort / Importance

1. I put a lot of effort into preparing for the interview using this system.

2. I did not try very hard to do well during the interview preparation task. (R)

3. I tried very hard during this interview preparation activity.

4. It was important to me to perform well in this interview preparation task.

5. I did not put much energy into preparing for the interview. (R)

I.1.2.1.3 Pressure / Tension

1. I did not feel nervous at all while preparing for the interview using this system. (R)

2. I felt very tense while preparing for the interview using the system.

3. I felt very relaxed while preparing for the interview using this system. (R)

4. I felt anxious while working on this interview preparation task.

5. I felt pressured while preparing for the interview using this system.
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I.1.2.1.4 Value / Usefulness

1. I believe that preparing for interviews using this system could be valuable to me.

2. I think that using this system for interview preparation is useful for improving my inter-
view performance.

3. I think this is an important activity because it helps me better understand how to improve
my interview answers.

4. I would be willing to use this interview preparation system again because it has value to
me.

5. I think preparing for interviews using this system could help me identify strengths and
weaknesses in my interview responses.

6. I believe that using this system for interview preparation could be beneficial to me.

7. I think this is an important interview preparation activity.

I.1.2.2 Explanation Satisfaction

I.1.2.2.1 Perceived Usefulness of Explanations

1. The explanations helped me understand what I need to improve in my answers.

2. The explanations helped me prepare better for a real interview.

3. The explanations helped me learn something new.

4. I would like to use similar explanations in future interview preparation sessions.

I.1.2.3 Reliance on AI Feedback

1. I relied on the system’s explanations to judge how well I performed.

2. Even when I had doubts, I trusted the system’s evaluations.

3. I would follow the system’s advice even if it differed from my own opinion.

I.1.2.4 Trust in AI System

1. The system is deceptive.

2. The system behaves in an underhanded manner.

3. I am suspicious of the system’s intent, action, or outputs.

4. I am wary of the system.

5. The system’s actions will have a harmful or injurious outcome.
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6. I am confident in the system.

7. The system provides security.

8. The system has integrity.

9. The system is dependable.

10. The system is reliable.

11. I can trust the system.

12. I am familiar with the system.

13. I found the AI-generated interview feedback to be trustworthy.

14. The information and feedback provided by the AI system felt accurate and relevant for
interview preparation.

15. I would rely on this AI system to support my interview preparation in the future.

16. I was skeptical about the AI-generated interview feedback.

I.1.2.4.1 Open-ended Questions

1. What factors made you trust or distrust the feedback generated by the AI during interview
preparation?

2. Was there anything in the AI-generated feedback that seemed inaccurate, unclear, or mis-
leading?

I.2 Prompt Design and Parameterization

I.2.1 Prompting Strategy

The system uses structured prompts to control the interview interaction, response evaluation,
and feedback generation. All prompts follow a standardized high-level structure consisting of
three core components: Role, Context, and Task, extended with additional constraints such as
stage definitions, CV usage rules, interaction parameters, and output format requirements. This
design ensures consistency across participants while supporting controlled adaptive conversa-
tional behavior across experimental conditions.

All experimental conditions are implemented through parameterization of the same base prompts
rather than separate prompt designs.

I.2.2 Interview Prompt

The following prompt is used to generate and control the interview interaction:

52



You are an AI interviewer conducting a structured interview session.

ROLE:
Act as a professional interviewer.

CONTEXT:
The participant is answering interview questions in a simulated
interview setting.

TASK:
- Ask one question at a time
- If follow-ups are enabled, clarification follow-up questions may
be generated based on the quality of the participant's previous
response
- If follow-ups are disabled, proceed directly to the next scheduled
question
- Maintain the specified tone

TONE: {tone}
FOLLOW_UPS: {followups_enabled}

I.2.2.1 Stage-Based Interview Structure

The interview follows a predefined five-question structure. The stage of each question is de-
termined by the backend based on the question index rather than by the language model itself.
The language model operates within these predefined orchestration constraints and is responsi-
ble only for generating localized conversational behavior for each interaction step. The fixed
sequence consists of introduction, motivation, experience-focused stages, and closing.

This structure ensures that all participants progress through the same overall interview flow. In
the introduction stage, the system asks a high-level warm-up question. In the motivation stage,
it asks about role or career motivation. In the experience-focused stages, it asks about concrete
experience, projects, responsibilities, or skills extracted from the participant’s CV. In the closing
stage, the system asks a final wrap-up question.

The stage-based structure is applied uniformly across all experimental conditions and is not
manipulated as part of the study.

I.2.2.2 Tone Manipulation

The tone parameter controls the interaction style. In the neutral condition, the interviewer uses
calm, supportive, and non-judgmental phrasing. In the strict condition, the interviewer adopts
more direct, concise, and evaluative phrasing, including clarification-oriented probing behavior
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intended to increase evaluative pressure during the interaction.

I.2.2.3 Follow-Up Question Logic

Follow-up behavior is controlled by both the experimental condition and the quality of the par-
ticipant’s previous response. In conditions where follow-ups are disabled, the system proceeds
directly to the next scheduled main question. In conditions where follow-ups are enabled, a
clarification-oriented follow-up question may be generated within the same interview stage
only when the average rubric score of the participant’s previous response falls below 3 out of
5. Follow-up eligibility and stage persistence are externally enforced by the backend rather
than determined autonomously by the language model. This design preserves comparable in-
terview structure and interaction consistency across participants and conditions while enabling
controlled adaptive probing behavior.

I.2.2.4 Affective Context Integration

To support more natural conversational interaction, the system additionally incorporated
lightweight affective context derived from users’ voice responses. These emotion-related cues
were not used for automated evaluation or scoring, but instead served as auxiliary contextual
information for localized interviewer tone adaptation and probing behavior during question gen-
eration. Importantly, affective context did not alter interview stage progression, evaluation cri-
teria, or task difficulty.

I.2.3 Evaluation and Feedback Prompt

The following prompt is used to evaluate participant responses. The evaluation process remains
identical across all experimental conditions and is not influenced by interview tone or interaction
style.

Specifically, the same rubric dimensions (clarity, structure, depth, confidence, and relevance),
scoring scale, and feedback generation procedure are applied uniformly across all conditions.

You are an AI interview evaluator.

ROLE:
Act as an expert evaluator assessing interview performance.

CONTEXT:
The participant has provided an answer to an interview question.
Evaluation is based on predefined rubric dimensions.

TASK:
- Assign scores for each rubric dimension from 0 to 5
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- Evaluate clarity, structure, depth, confidence, and relevance
- Provide an overall score
- If explanation mode is enabled:

- Explain strengths and weaknesses
- Identify missing elements
- Suggest improvements
- Provide an example of a better answer

EXPLANATION_MODE: {explanation_mode}

Keeping the evaluation prompt constant ensures that observed differences are attributable to the
interaction design rather than changes in evaluator behavior.

I.2.4 Feedback Highlight Extraction

When detailed feedback is enabled, the system first extracts concise evidence of strengths and
weaknesses from the participant response. This step is used internally to support grounded
feedback generation.

Extract key strengths and weaknesses from the response.

TASK:
- Identify strong points
- Identify issues or missing elements
- Return structured evidence (short quotes and reasons) for
strengths and issues across rubric dimensions

I.2.5 Condition Parameterization

All experimental conditions are implemented through parameter values applied to the same base
prompts. Interview stage progression, follow-up eligibility, and termination behavior remained
backend-controlled across all conditions to preserve consistent interview structure and experi-
mental comparability. The manipulated parameters are:

• tone: controls the conversational style of the interviewer.

• followups_enabled: controls whether clarification-oriented follow-up questions may
be generated.

• explanation_mode: controls whether detailed response-grounded feedback is gener-
ated.

The four experimental conditions are defined as follows:

The stress condition is operationalized through stricter interviewer tone, clarification-oriented
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Table 3: Prompt parameters used across experimental conditions.

Condition Explanation Tone Follow-ups

C1 OFF neutral false
C2 OFF strict true
C3 ON neutral false
C4 ON strict true

probing behavior, and controlled follow-up questioning. The evaluation process remains un-
changed across all conditions.

I.2.6 Reproducibility Note

All prompts were applied consistently across participants. Condition-specific interaction behav-
ior was controlled through predefined parameter values and backend orchestration constraints,
while all other aspects of the prompt structure, evaluation process, and output formatting re-
mained constant.

I.3 Source Code Repository

The implementation developed for this thesis is available at: https : / / github . com /
RafaelChrysanthou/RafaelThesis.git

The repository contains the source code of the interview preparation platform.
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