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Abstract Automated interviewers and conversational agents are increasingly used in
research, recruitment, customer service, and education. However, many existing sys-
tems rely on fixed question sequences and provide limited context-based personal-
ization without considering participants’ knowledge, which can lead to repetitive or
irrelevant follow-up questions. Therefore, there is a need for an adaptive interviewing
system that can adjust question depth while maintaining conversational continuity and
semantic progression. To address this, an Evidence-Traceable Dynamic Interviewer Ar-
chitecture is presented using a locally hosted Large Language Model (LLM), with the
interview continuously adapted throughout the entire conversation based on the partic-
ipant’s responses and evolving context. The interviewer profiles participants’ expertise
in real time to generate knowledge-appropriate questions, well-articulated responses,
and smooth transition messages that support conversational continuity. A five-module
prompt-driven architecture and persistent interview-state record support these func-
tions. The interviewer was evaluated with 246 participants. Expertise Profiling module
(M3) showed 78.9% exact agreement with independently reported participant expertise,
with a weighted Cohen’s 𝜅 of 0.80. Generate Iterative Questions module (M4) showed a
strong expertise-complexity association (𝜌 = .79, 𝑝 < .001), and participants reported
high relevance (mean 4.41), engagement (mean 4.32), and satisfaction (mean 4.38), pro-
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viding evidence that the architecture’s adaptive components operated consistently with
their intended functions while participants reported a positive interview experience.

Keywords AI-Powered Interviewer · Adaptive Qualitative Interviewing · Expertise
Profiling · Dynamic Question Generation · Local Large Language Models · Evidence
Traceability

1 Introduction

Artificial Intelligence (AI) is increasingly used to support human–machine interaction in
customer service, education, recruitment, and research [1, 2, 3, 4]. Conversational agents
and automated interviewers can reduce the effort required for repeated interactions,
improve consistency, and support open-ended information elicitation [2, 3, 4, 5, 6].
However, many existing systems still rely on predefined questions, rule-based dialogue
structures, or limited intent-recognition mechanisms, restricting their ability to generate
follow-up questions that respond to participants’ statements, explore emerging topics,
while adapting to differences in knowledge and experience [3, 4, 5, 6].

Large Language Models (LLMs) provide greater flexibility by interpreting conver-
sational context and dynamically generating questions without relying entirely on hard-
coded templates [7, 8, 9, 10]. This is particularly relevant to qualitative interviewing,
where participants differ in their familiarity with the topic and in the depth of discus-
sion they can engage in. Participants with limited knowledge may require accessible,
experience-based questions, whereas those demonstrating greater expertise can engage
with more analytical, comparative, or evaluative questions. Natural-language responses
can provide evidence for estimating evolving expertise [11], and recent LLM-based
interviewing studies demonstrate the feasibility of adaptive, context-sensitive follow-up
questioning [7, 8, 9, 10]. However, context-sensitive generation alone does not en-
sure expertise-appropriate questioning or prevent semantic repetition across interview
turns. LLM interaction can also produce irrelevant or unsupported outputs, inconsistent
dialogue progression, hallucinations, and privacy risks [14, 15, 16, 17].

Privacy is particularly important in qualitative interviewing because participant re-
sponses may contain personal, contextual, organizational, or otherwise sensitive infor-
mation. Processing such responses through externally hosted LLM services may require
interview data to leave the researcher’s controlled computing environment. Local LLM
deployment provides a privacy-preserving alternative by enabling inference to be per-
formed within locally controlled infrastructure and reducing the need to transmit raw
participant responses to external services [23, 7]. Previous studies have demonstrated
the use of local LLMs for context-aware anonymization of sensitive qualitative data
and privacy-conscious AI-powered interviewing, while resource-efficient prompt de-
sign has shown that local deployment can remain computationally practical even under
constrained hardware conditions [23, 7, 19]. Effective adaptive interviewing therefore
requires structured mechanisms for controlling interview behavior, inferring expertise,
adapting question complexity, maintaining conversational continuity, and validating
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generated questions. These are supported by structured prompting, controlled adapta-
tion, output validation, and local deployment [18, 19, 20, 21, 22, 23].

Therefore, this study proposes an Evidence-Traceable Dynamic Interviewer Archi-
tecture for adaptive qualitative interviewing using a locally hosted LLM. The study
examines whether an AI-powered interviewer can infer participants’ demonstrated ex-
pertise from their responses, use the inferred expertise to adjust subsequent question
complexity, maintain contextually relevant and semantically non-repetitive questioning,
and provide a positive interview experience. The architecture is designed so that the
relationship between participant responses, inferred expertise, generated questions, and
validation decisions can be examined throughout the interview process.

Consequently, the study addresses the following research questions:

RQ1: How effectively can an AI-powered interviewer infer participants’ expertise
from their responses and use the derived expertise to adapt subsequent question
complexity?

RQ2: How does the proposed architecture support contextually relevant and seman-
tically non-repetitive questioning throughout an interview?

RQ3: How do participants evaluate the relevance, engagement, and overall experi-
ence of dynamically generated AI-powered interviews?

The study contributes a modular, prompt-driven, and evidence-traceable AI-powered
interviewer that dynamically adjusts question complexity according to demonstrated
participant expertise. It also provides a structured mechanism for generating contex-
tually relevant, non-redundant, and semantically coherent interview dialogue using
locally hosted LLM. Finally, the architecture is empirically evaluated using 246 partic-
ipant interviews, examining expertise agreement, expertise-driven question adaptation,
semantic question uniqueness, and participant perceptions of relevance, engagement,
and overall satisfaction.

2 Related Work

Conversational systems have increasingly been used for surveys and interviews. Stud-
ies show that conversational interfaces can improve engagement, response qual-
ity, social presence, and self-disclosure in comparison to conventional question-
naires [2, 25, 26, 27]. Interview-specific systems have extended this work through
active listening, participant profiling, and automatic follow-up questioning [3, 4, 5, 33].
However, these approaches mainly adapt to conversational context or probing needs
and rarely maintain an explicit, continuously updated representation of the participant’s
demonstrated expertise.

LLMs have further increased the flexibility of automated interviewing by enabling
dynamic and context-sensitive question generation. Studies have shown that LLM in-
terviewers can support scalable qualitative interviewing, generate useful probes, collect
in-the-moment feedback, manage conversational goals, and maintain participant en-
gagement [8, 10, 28, 29, 30]. However, their performance varies across models and
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interview situations. Problems include inappropriate follow-ups, weak acknowledg-
ment, limited strategic progression toward deeper questions, and variations in relevance
and naturalness [9, 31, 32]. These findings show that fluent question generation alone is
insufficient; an interviewer must also control when to probe, how deeply to probe, and
how questions should respond to the participant’s demonstrated capability.

A key requirement for such adaptation is modeling user expertise. Research on adap-
tive systems shows that expertise can be inferred from observable behavior and repre-
sented as an evolving user state [34, 35, 38, 39]. Expert–novice research further shows
that experts reason using deeper principles, while novices rely more on surface charac-
teristics [36]. The expertise-reversal literature also indicates that interaction suitable for
inexperienced users may become ineffective for more knowledgeable users [37]. These
findings support adapting question complexity according to evidence such as terminol-
ogy, conceptual correctness, reasoning depth, and application or evaluative reasoning,
instead of relying only on technical vocabulary.

Adaptive interviewing must also maintain conversational continuity. Active-listening
research highlights the importance of acknowledging participant responses, while stud-
ies on adaptive and motivational interviewing emphasize contextual awareness, rele-
vance, openness, and natural transitions [31, 32]. This supports separating interviewer
output into a Response Message, Transition Message, and Next Question, allowing
acknowledgement, conversational flow, and information elicitation to be controlled as
distinct but connected functions.

Another challenge is semantic repetition. Questions may use different wording while
asking for essentially the same information. Semantic textual similarity methods such
as Sentence-BERT, SimCSE, and sentence meta-embeddings provide mechanisms for
identifying conceptual similarity beyond lexical overlap [40, 41, 42, 43]. Although
these methods are widely used for semantic similarity and duplicate detection, semantic
uniqueness is less commonly implemented as an explicit generation gate that can reject
a redundant interview question before it reaches the participant.

Prompt structure is also important for controlling LLM behavior. Structured prompt-
ing and semantic structuring pipelines can define task instructions, persistent behav-
ior, memory, reasoning constraints, feedback, and output formats across multi-stage
workflows [12, 44, 45, 46, 47]. Such control is particularly important because LLM-
generated outputs can contain hallucinations, contradictions, or unsupported infor-
mation [14, 16, 17]. Privacy is also important in LLM-assisted qualitative research
because participant responses may contain personal, organizational, or otherwise sensi-
tive information, creating security and privacy considerations for AI-supported research
workflows [13, 48, 49, 50]. Altogether, these concerns support the need for structured
prompts, explicit ethical and knowledge-handling rules, and locally deployed models
that provide greater control over data processing.

Overall, existing research has advanced conversational surveys, adaptive probing,
LLM interviewing, expertise modeling, semantic similarity, and structured prompt-
ing. However, these capabilities are generally studied separately. Expertise models
describe changing user knowledge [36, 38, 39], while LLM interviewers mainly adapt
to conversational context [29, 30, 31]. Semantic-similarity methods identify conceptual
overlap [40, 41, 42, 43], and structured prompting provides mechanisms for controlling
LLM tasks [24, 44, 45, 46, 47]. What remains limited is their integration into a single
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interviewing process that generates semantically unique interview questions and con-
nects participant responses to expertise estimation so that the complexity of subsequent
questions is adapted while maintaining conversational continuity.

3 Evidence-Traceable Dynamic Interviewer Architecture

The Evidence-Traceable Dynamic Interviewer Architecture is designed to conduct adap-
tive, context-aware, and expertise-aligned qualitative interviews using a modular LLM-
based pipeline. The architecture separates the main interviewing functions so that each
stage can be independently configured, inspected, and evaluated. It consists of five
modules: Generate System Prompt (M1), Generate Initial Question (M2), Expertise
Profiling (M3), Generate Iterative Question (M4), and Validate Question Uniqueness
(M5).

As illustrated in Figure 1, the interview progresses from interview configuration
and initial questioning to dynamic expertise profiling, adaptive follow-up generation,
and semantic uniqueness validation. A persistent interview-state record maintains rel-
evant information across interview turns and supports traceability between participant
responses, expertise estimates, generated questions, and validation decisions. The fol-
lowing subsections describe each module.

Fig. 1 Overview of the Evidence-Traceable Dynamic Interviewer Architecture

3.1 Module 1 (M1): Generate System Prompt

Module 1 establishes the interview environment by transforming the design-time inter-
view configuration into a structured system prompt that governs the complete interview
session. The configuration contains the research objectives, research areas and prior-
ities, interview style, language, ethical requirements, and knowledge-handling rules.
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Table 1 System-Prompt Components in M1
System-Prompt Component Main Function
Role and Interview Identity Defines the AI interviewer role and responsibilities
General Information Specifies objectives, research areas, priorities, and question allocation
Purpose and Context Defines language, question type, style, tone, and conversational flow
Ethical Guidelines Controls privacy, sensitive questions, neutrality, and inclusive interaction
Knowledge Handling Rules Controls reliable information use, uncertainty, and hallucination avoidance
Behavioral Consistency Maintains the defined rules across interview turns
Output Requirements and Format Defines the structured representation used by subsequent modules

Table 2 M1 User-Prompt Components

M1 User-Prompt Component Main Function
LLM Role Specification Defines the model as a system-prompt generator
Task Scope Limits generation to the supplied interview configuration
Clarity of Instruction Specifies which configuration elements must be included
Language Emphasis Maintains the selected interview language and terminology
Output Format Enforcement Requires a structured, machine-readable output
Action Limitation Prevents M1 from conducting the interview or generating questions
Structured Behavior Ensures completeness and consistent organization

The system prompt is generated once and reused by M2–M5, providing a consistent
behavioral foundation throughout the interaction.

As illustrated in Figure 2, the system prompt is organized into seven components:
Role and Interview Identity, General Information, Purpose and Context, Ethical Guide-
lines, Knowledge Handling Rules, Behavioral Consistency, and Output Requirements
and Format. These components separate what the interview investigates from how the
interviewer communicates, handles participants, and manages factual information.

These factors also support design-level traceability. Important prompt constraints
can be linked to their purpose and supporting rationale. For example, restrictions on un-
supported information address LLM hallucination, while privacy and sensitive-question
controls support ethical handling of participant data. The evidence/source registry there-
fore records why important factors were included without requiring research citations
to be repeatedly inserted into the interview prompts.

M1 itself is executed through a dedicated user prompt. As illustrated in Figure 3,
this user prompt specifies how the LLM should convert the interview configuration into
the final system prompt. It contains seven components: LLM Role Specification, Task
Scope, Clarity of Instruction, Language Emphasis, Output Format Enforcement, Action
Limitation, and Structured Behavior.

The relationship between the two prompt structures is therefore straightforward: the
M1 user prompt specifies how the system prompt should be constructed, while the
resulting system prompt specifies how the interviewer should behave. Conceptually,

𝑃sys = 𝑀1 (𝐶, 𝑃M1) , (1)



Evidence-Traceable Dynamic Interviewer Architecture 7

Fig. 2 System prompt component structure in M1. The figure presents the persistent research, behav-
ioral, ethical, knowledge-handling, and output constraints governing the interview.

Fig. 3 M1 user prompt component structure. The figure presents the instruction structure used to
transform the design-time interview configuration into the reusable system prompt.

where 𝐶 represents the design-time interview configuration, 𝑃M1 represents the M1
user prompt, and 𝑃sys represents the reusable system prompt passed to M2–M5.

3.2 Module 2 (M2): Generate Initial Question

Module 2 generates the first question presented to the participant. Its purpose is to
begin the interview with an accessible, open-ended, and research-relevant question
that encourages a natural response while providing sufficient information for the initial
expertise profiling performed by M3. M2 selects a high-priority research area and
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Table 3 M2 User-Prompt Components for Initial Question Generation
M2 Component Function
Research Area and Priority Selects an appropriate high-priority area for beginning

the interview
Question Complexity Starts with a low-complexity, broadly understandable

question
Contextual Framing Aligns the question with the research objectives and

interview context
Question Requirements Produces one clear, open-ended, non-leading question
Behavioral Constraints Prevents unnecessary explanation, repetition, or multi-

ple questions
Output Structure Returns the initial question in the required structured

format

intentionally begins with a relatively simple question so that participants with different
levels of knowledge can engage comfortably.

The question is generated using the system prompt produced by M1 together with
an M2-specific user prompt. The system prompt provides the overall research scope,
ethical rules, language, style, and knowledge-handling requirements, while the M2
user prompt specifies how the initial question should be constructed. As illustrated in
Figure 4, the main elements of the M2 user prompt include research-area selection,
complexity control, contextual framing, question requirements, behavioral constraints,
and output structure

The initial question also serves as a calibration point for the adaptive interview. M2
does not determine the participant’s expertise level. Instead, it generates a question that
allows the participant to demonstrate their familiarity with the research topic naturally.
The resulting response is then passed to M3, where observable evidence in the response
is used to establish the first expertise profile.

Conceptually, M2 operates as

𝑄1 = 𝑀2
(
𝑃sys, 𝑅ℎ, 𝐶𝑞

)
, (2)

where 𝑃sys is the system prompt generated by M1, 𝑅ℎ represents the selected high-
priority research area, and 𝐶𝑞 represents the initial low-complexity questioning con-
straints. The output 𝑄1 becomes the first participant-facing question and initiates the
adaptive interview cycle.

3.3 Module 3 (M3): Expertise Profiling

Module 3 dynamically estimates the participant’s demonstrated expertise from their
responses and provides this information to M4 to control the depth and complexity of
subsequent questions. Expertise is classified into four levels: Novice, Basic Knowledge,
Advanced Knowledge, and Expert. The classification is based on four observable factors:
domain terminology and specificity (F1), conceptual correctness and relevance (F2),
reasoning depth (F3), and application or evaluative reasoning (F4).
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Fig. 4 M2 user prompt component structure for initial question generation. The prompt defines the
research-area selection, initial complexity, contextual framing, question requirements, behavioral con-
straints, and output structure used to generate the first interview question.

Table 4 Expertise Factors Evaluated by M3
Expertise Factor What M3 Examines
F1. Domain Terminology and Specificity Appropriate use of domain terminology, concepts, technologies,

processes, or specific examples
F2. Conceptual Correctness and Rele-
vance

Whether objectively verifiable domain statements are coherent,
relevant, and technically appropriate

F3. Reasoning Depth Ability to explain relationships, causes, consequences, depen-
dencies, or trade-offs

F4. Application and Evaluation Ability to apply knowledge to situations, compare alternatives,
justify decisions, or propose solutions

M3 evaluates these factors collectively rather than relying on individual keywords
or technical terms. It produces an expertise level and supporting evidence, providing
a traceable basis for each classification. Personal experiences and opinions are not
assessed for factual correctness; correctness is considered only when objectively verifi-
able domain claims are made. The expertise profile is dynamic. After each participant
response, M3 reassesses the available evidence and may maintain, increase, or decrease
the current expertise estimate. The profile is represented as

𝐸𝑡 = {𝐿𝑡 , 𝐹1𝑡 , 𝐹2𝑡 , 𝐹3𝑡 , 𝐹4𝑡 } , (3)

where 𝐿𝑡 represents the expertise level at interview turn 𝑡 and 𝐹1𝑡–𝐹4𝑡 represent
the observed expertise factors. The M3 output is stored in the persistent interview-state
record and passed to M4, enabling subsequent questions to be generated at an appro-
priate cognitive and technical level. M3 therefore provides the adaptive link between
what the participant demonstrates and how the interviewer subsequently questions the
participant.
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Fig. 5 M3 user prompt component structure for dynamic expertise profiling. The prompt defines the
participant-response input, expertise factors, classification levels, evidence requirements, behavioral
constraints, and structured output used to generate the dynamic expertise profile.

Table 5 Participant-Facing Outputs Generated by M4
M4 Output Function
Response Message Briefly acknowledges or reflects the participant’s previous

response
Transition Message Creates a natural conversational connection between the pre-

vious response and the next question
Next Question Generates a context-aware, expertise-aligned, open-ended

follow-up question

3.4 Module 4 (M4): Generate Iterative Question

Module 4 generates the subsequent interview interaction after each participant response.
It combines the participant’s latest response, expertise profile from M3, previous in-
terview context, research-area priority, and information already collected to determine
an appropriate follow-up while maintaining conversational continuity and adapting
question complexity to the participant’s demonstrated expertise.

M4 produces three participant-facing elements: a Response Message, a Transition
Message, and the Next Question. The response message briefly acknowledges the par-
ticipant’s previous answer without introducing a new question. The transition message
connects the acknowledgment to the next topic or line of inquiry, while the next ques-
tion advances the interview using an open-ended question aligned with the participant’s
expertise and the research objectives.

The adaptive behavior of M4 is controlled primarily by the expertise information
generated by M3. Lower demonstrated expertise leads to clearer and less technically
demanding questions, while higher expertise supports deeper analytical, comparative,
scenario-based, or evaluative questioning. Expertise does not determine the question
alone. M4 also considers what the participant has already discussed, which research
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Fig. 6 M4 user prompt component structure for adaptive iterative question generation. The prompt
combines participant response, expertise profile, interview history, research priorities, and conversa-
tional constraints to generate the response message, transition message, and next question.

areas remain insufficiently explored, and whether clarification, elaboration, examples,
comparison, reflection, or deeper reasoning would best advance the interview.

The three outputs are generated as a single structured interaction so that they remain
semantically connected:

𝑂𝑀4
𝑡 = {𝑅𝑡 , 𝑇𝑡 , 𝑄𝑡+1} , (4)

where 𝑅𝑡 represents the response message acknowledging the participant’s latest
response, 𝑇𝑡 represents the transition message, and 𝑄𝑡+1 represents the proposed next
question. The candidate next question is subsequently passed to M5 for semantic unique-
ness validation before presentation. If M5 identifies substantial conceptual overlap with
an earlier question, the candidate is returned to M4 for regeneration.

3.5 Module 5 (M5): Validate Question Uniqueness

Module 5 validates the semantic uniqueness of each candidate question generated
by M4 before it is presented to the participant. Its purpose is to prevent conceptually
equivalent questions from being repeated, even when they use different wording, syn-
onymous expressions, or alternative phrasing. This supports thematic progression and
reduces semantic duplication throughout the interview. M5 compares the candidate
question with the history of previously asked questions and determines whether it intro-
duces a sufficiently distinct line of inquiry. The validation focuses on semantic overlap,
contextual relevance, research progression, and duplication risk.

The distinction between wording and meaning is important. For example, “What
privacy risks do employees face when using public LLMs?” and “What data-protection
problems may occur when staff use publicly available generative AI?” are phrased
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Table 6 M5 Components for Semantic Question Validation
M5 Component Function
Candidate Question Input Receives the proposed next question generated by M4
Question-History Comparison Compares the candidate question with previously asked

questions
Semantic Overlap Assessment Identifies conceptual similarity beyond exact wording
Research Progression Check Determines whether the question contributes new infor-

mation or advances the discussion
Validation Decision Produces an Accept or Regenerate decision
Structured Output Returns the validation result and internal justification

Fig. 7 M5 user prompt component structure for semantic question uniqueness validation. The
prompt defines the candidate-question input, question-history comparison, semantic-overlap assess-
ment, research-progression criteria, behavioral constraints, validation decision, and structured output.

differently but seek substantially the same information and are therefore treated as
semantically overlapping. In contrast, a follow-up such as “What controls would you
recommend to mitigate those risks?” advances the discussion from risk identification
to mitigation and can therefore be accepted.

Conceptually, the validation can be expressed as

𝑉𝑡+1 = 𝑀5 (𝑄𝑡+1, 𝐻𝑡 ) , (5)

where𝑄𝑡+1 represents the candidate next question generated by M4 and𝐻𝑡 represents
the history of questions asked up to interview turn 𝑡. The resulting decision 𝑉𝑡+1 is
either Accept or Regenerate. An accepted question is presented to the participant, while
a question with substantial semantic overlap is returned to M4 for regeneration. The
validation decision and its internal justification are stored in the persistent interview-state
record, supporting traceability between the candidate question and the final decision.
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Table 7 Research Areas and Interview Configuration
Research Area Priority Total Ques-

tion Alloca-
tion

Awareness and knowledge of LLMs among employees High 4
Application of LLMs in the organization Medium 3
Skill levels and training in using LLMs High 3
Data privacy and security in LLM use Medium 4
Organizational guidelines for LLM use and adoption Low 2

4 Experiment and Verification Setup

The proposed dynamic interviewer was implemented and evaluated through a workplace-
oriented case study designed to examine both the operation of the five-module archi-
tecture and the quality of the resulting interview experience. The experimental setup
focused on four aspects: dynamic expertise profiling, expertise-adaptive question gen-
eration, semantic question-uniqueness validation, and participant evaluation of the in-
terview.

4.1 Case Study and Interview Configuration

The case study investigated how employees interact with Large Language Models
(LLMs) in the workplace. This context was selected because employees may differ
substantially in their awareness, practical experience, technical understanding, and or-
ganizational use of LLMs, providing a suitable setting for evaluating dynamic expertise
adaptation. The interview covered five research areas defined for the study: awareness
and knowledge of LLMs, organizational applications, skills and training, privacy and
security, and organizational guidelines for LLM adoption. Each area was assigned a
priority and expected question allocation, as shown in Table 7.

These specifications were provided as the design-time configuration used by M1. The
research areas established the expected interview coverage, while their priorities guided
M2 and M4 when selecting appropriate areas for initial and subsequent questioning. The
configuration specified a total of 16 participant-facing questions per interview. The first
question was generated by M2 as the initial calibration question, while the remaining
15 questions were generated adaptively by M4. Accordingly, across 246 completed
interviews, the analysis of adaptive follow-up questions comprised 3,690 M4-generated
questions (246× 15); the initial M2 question was excluded from the follow-up-question
analysis.
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4.2 Technical Implementation

The complete architecture was implemented using a locally hosted Llama 3.2 3B
model.1 The same model was used across the five modules of the modular interviewer.
The same model was used across the five modules of the modular interviewer. Local
execution allowed all modules to operate within the same controlled environment and
avoided sending participant interview responses to an external LLM service.

Each module was implemented using the structured system and user prompts de-
scribed in the preceding sections. M1 generated the persistent system prompt from the
interview configuration. M2 generated the initial low-complexity question from a high-
priority research area. After every participant response, M3 evaluated demonstrated
expertise and produced an expertise profile. M4 used this profile together with the re-
sponse and interview history to generate the response message, transition message, and
next question. Finally, M5 examined the proposed question for semantic duplication
before it was presented to the participant.

The operational sequence can be represented as

𝑀1 → 𝑀2 → 𝑅𝑡 → 𝑀3 → 𝑀4 → 𝑀5 → 𝑄𝑡+1 → 𝑅𝑡+1, (6)

where 𝑅𝑡 represents the participant response at interview turn 𝑡, 𝑄𝑡+1 represents
the validated next question presented to the participant, and 𝑅𝑡+1 represents the par-
ticipant’s subsequent response. When M5 rejected a candidate question because of
semantic overlap, the question was returned to M4 for regeneration before being pre-
sented to the participant. Information generated during each turn was retained in the
persistent interview-state record, including previous questions, participant responses,
research-area coverage, expertise estimates, and validation decisions. This provided the
information required for subsequent adaptation and post-interview verification.

4.3 Participants, Recruitment, and Experimental Procedure

Participants were recruited through university and professional networks and were
required to be at least 18 years old with workplace experience. Participation was volun-
tary, and informed consent was obtained electronically before the interview. Participants
were informed about the study purpose, data handling, confidentiality, and their right to
withdraw at any time. The study was conducted online in English, and 246 completed
interviews were included in the analysis. Each participant followed the same general
flow, while the actual sequence and complexity of questions could vary according to
their responses and dynamically estimated expertise.

M3 reassessed the participant’s demonstrated expertise and assigned one of four
levels: Novice, Basic Knowledge, Advanced Knowledge, or Expert.

However, for verification purposes, participants were also asked to indicate their own
perceived expertise level using the same four-level classification. The self-reported ex-

1 Meta. Llama 3.2 3B Model Card. Available at: https://huggingface.co/meta-llama/Llama-3.2-3B

https://huggingface.co/meta-llama/Llama-3.2-3B
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pertise was collected independently from the M3 prediction and was not provided to M3
as an input during expertise profiling. This separation ensured that the adaptive inter-
viewer relied on evidence contained in participants’ responses instead of directly repro-
ducing their self-assessment. After the interview, participants were additionally asked
to rate their interview experience. These post-interview ratings provided participant-
level evidence for evaluating whether the dynamically generated interaction remained
relevant, engaging, and satisfactory.

4.4 Expertise-Profiling Verification

The first verification focused on M3 expertise profiling. Although M3 reassessed ex-
pertise after each participant response, the final expertise classification produced at the
end of the interview was used for participant-level verification. This classification was
compared with the participant’s self-reported expertise category. This resulted in two
independently obtained expertise indicators:

𝐸LLM = final expertise inferred by M3, (7)

and

𝐸self = expertise reported by the participant. (8)

Agreement between these classifications indicates how closely the response-based
expertise profile corresponds with participants’ own assessment of their knowledge.

Because the four expertise categories are ordered, verification considered both ex-
act agreement and the magnitude of disagreement. A difference between Advanced
Knowledge and Expert, for example, represents a smaller discrepancy than a difference
between Novice and Expert. Percentage agreement, a confusion matrix, and linearly
weighted Cohen’s 𝜅 were therefore used to evaluate agreement between the two classi-
fications. The participant-reported expertise level was treated as a verification reference
rather than absolute ground truth, since self-assessment may overestimate or underes-
timate actual knowledge. The analysis therefore evaluates correspondence between two
independently obtained indicators of expertise.

4.5 Adaptive Question Verification

The second verification examined whether the expertise profile generated by M3 in-
fluenced the complexity of the subsequent questions produced by M4. The expected
relationship was

Demonstrated Expertise → Question Complexity. (9)
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Table 8 Participant-Based Evaluation Dimensions
Evaluation Dimension Purpose
Question Relevance and Coher-
ence

Evaluates whether questions were appropriate, logically
connected, and relevant to the ongoing discussion

Cognitive and Emotional Engage-
ment

Evaluates whether the interaction maintained participants’
attention and involvement

Overall User Satisfaction Evaluates participants’ overall perception of the AI-powered
interview experience

To evaluate this relationship, M4 follow-up questions were classified into four or-
dinal cognitive-complexity levels: accessible/descriptive (1), explanatory or example-
based (2), analytical or comparative (3), and evaluative, scenario-based, or application-
oriented (4). The classification was based on the primary cognitive demand required to
answer each question. Lower levels emphasize description, experience, and straightfor-
ward explanation, while higher levels require comparison, analysis, evaluation, appli-
cation, or justification.

Each generated follow-up question was therefore associated with both the M3 ex-
pertise level assigned for the corresponding interview turn and a question-complexity
score from 1 to 4. For participant-level analysis, the complexity scores of the adaptive
follow-up questions were aggregated to obtain a mean question-complexity score for
each participant. This avoided treating multiple questions generated for the same partic-
ipant as independent observations. The relationship between M3 expertise and question
complexity was evaluated using Spearman’s rank correlation, since both expertise and
question complexity represent ordered levels. Mean question-complexity scores were
also examined across the four M3 expertise categories to determine whether question
depth increased systematically from Novice to Expert. The complexity classifications
were independently assigned by two researchers during post-interview analysis using
the four-level criteria defined above. Across the 246 completed interviews, a total of
3,690 adaptive follow-up questions generated by M4 were included in the complexity
assessment. Inter-rater reliability was assessed using linearly weighted Cohen’s 𝜅, since
the four complexity categories were ordinal. Percentage agreement was also calculated.
Disagreements were reviewed jointly by the two researchers, and a final consensus
classification was assigned before the subsequent analysis. M5 provided a separate ex-
amination of whether the adapted questions introduced a new information objective or
were identified as semantically overlapping with questions already asked. Its validation
history was therefore used to examine first-pass acceptance and regeneration decisions.

4.6 Participant-Based Verification

The final verification evaluates the architecture from the participant’s perspective. At
the end of each interview, participants rated their experience using three evaluation
dimensions: Question Relevance and Coherence, Cognitive and Emotional Engagement,
and Overall User Satisfaction.
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Table 9 Summary of Experimental Verification Components
Verification Component Comparison / Evidence Main Purpose
Expertise Profiling M3 expertise vs. participant-

reported expertise
Assess agreement in expertise
classification

Question Adaptation M3 expertise vs. subsequent M4
question complexity

Assess expertise-driven adap-
tation

Question Uniqueness M5 decisions and question-history
comparisons

Examine semantic-overlap fil-
tering and regeneration

Question Relevance and
Coherence

Participant post-interview rating Assess conversational quality

Engagement Participant post-interview rating Assess participant involve-
ment

Overall Satisfaction Participant post-interview rating Assess overall interview expe-
rience

The experimental setup provides complementary forms of verification. Architecture-
level verification examines the correspondence between M3 expertise profiles and
participant-reported expertise, the relationship between M3 expertise and subse-
quent M4 question complexity, and the semantic-overlap decisions produced by M5.
Participant-level verification examines whether the resulting interviews are perceived
as relevant, engaging, and satisfactory.

Together, these measures evaluate both the internal adaptive behavior of the archi-
tecture and the participant experience produced by the resulting interviews.

5 Results

The results are presented across the main components evaluated in the experiment.
The demographic and background characteristics of the participants are first described,
followed by the verification of M3 expertise profiling, M4 expertise-adaptive question
generation, and M5 semantic question-uniqueness validation. Representative interview
questions are included to illustrate how question depth changed across expertise levels.
Finally, participants’ evaluations of the overall interview experience are reported.

5.1 Participant Characteristics

A total of 246 participants completed the AI-powered interview. The sample included
participants from different age groups, educational backgrounds, employment sectors,
levels of professional experience, and frequencies of LLM use. Table 10 presents the
demographic and background characteristics of the participants.

The participant characteristics show considerable variation in professional experi-
ence and familiarity with LLM technologies. Overall, 64.2% of participants reported
using LLMs either daily or weekly, whereas 19.1% reported rarely or never using them.



18 A. Adeseye et al.

Table 10 Participant Demographic and Background Characteristics (𝑁 = 246)
Characteristic 𝑛 (%) Characteristic 𝑛 (%)
Gender Age
Male 130 (52.8) 18–24 years 31 (12.6)
Female 111 (45.1) 25–34 years 78 (31.7)
Prefer not to say 5 (2.0) 35–44 years 70 (28.5)

45–54 years 43 (17.5)
55 years or above 24 (9.8)

Highest education Work experience
Upper-secondary or vocational 32 (13.0) Less than 2 years 36 (14.6)
Bachelor’s degree 91 (37.0) 2–5 years 64 (26.0)
Master’s degree 99 (40.2) 6–10 years 60 (24.4)
Doctorate 18 (7.3) 11–15 years 42 (17.1)
Other 6 (2.4) More than 15 years 44 (17.9)
Employment sector Frequency of LLM use
Technology/IT 61 (24.8) Daily 72 (29.3)
Professional services 46 (18.7) Weekly 86 (35.0)
Education/research 38 (15.4) Monthly 41 (16.7)
Public sector 31 (12.6) Rarely 31 (12.6)
Healthcare 24 (9.8) Never 16 (6.5)
Finance 19 (7.7)
Manufacturing/engineering 17 (6.9)
Other 10 (4.1)

Table 11 M3 Expertise Classification Compared with Participant Self-Assessment
Self-Reported Expertise M3 Novice M3 Basic M3 Advanced M3 Expert
Novice 44 7 1 0
Basic Knowledge 8 54 10 1
Advanced Knowledge 1 9 58 8
Expert 0 1 6 38

This variation provided a suitable participant population for evaluating an architecture
designed to adjust interview questioning according to different levels of demonstrated
expertise. Participants also independently reported their perceived level of LLM exper-
tise using the same four categories applied by M3. Based on the participant-reported
classifications, 52 participants (21.1%) identified as Novice, 73 (29.7%) as Basic Knowl-
edge, 76 (30.9%) as Advanced Knowledge, and 45 (18.3%) as Expert. These values
were collected independently and were not provided to M3 during expertise profiling.

5.2 Expertise-Profiling Results

The first architecture-level verification examined the agreement between the expertise
level inferred by M3 and the expertise level independently reported by each participant.
Table 11 presents the resulting classification matrix.
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Table 12 Question Complexity by M3 Expertise Level
M3 Expertise Level Mean Complexity SD
Novice 1.42 0.55
Basic Knowledge 2.08 0.60
Advanced Knowledge 2.91 0.63
Expert 3.56 0.51

M3 assigned the same expertise category as the participant’s self-assessment for 194
of the 246 participants, corresponding to an exact agreement of 78.9%. When clas-
sifications differing by only one adjacent expertise level were considered, agreement
increased to 98.4%. A linearly weighted Cohen’s 𝜅 of 0.80 further indicated strong
agreement between the two ordinal classifications. Most disagreements occurred be-
tween neighboring categories. Participants reporting Basic Knowledge were occasion-
ally classified as Advanced Knowledge, while some Advanced Knowledge participants
were classified as either Basic Knowledge or Expert. Only four participants differed
by more than one expertise category. These findings indicate that the response-based
expertise profile generated by M3 generally corresponded with participants’ indepen-
dently reported expertise while remaining independent of the self-assessment itself.
Participant-reported expertise was used as an independent verification reference rather
than an absolute ground truth, since self-assessment may itself involve over- or under-
estimation of knowledge.

5.3 Expertise-Adaptive Question Generation

The next evaluation examined whether the expertise levels inferred by M3 were reflected
in the questions subsequently generated by M4. Follow-up questions were classified
into four ordinal cognitive-complexity levels: accessible/descriptive (1), explanatory
or example-based (2), analytical or comparative (3), and evaluative, scenario-based,
or application-oriented (4). Inter-rater reliability for the question-complexity classi-
fications was high. The two researchers achieved 89.1% exact agreement across the
3,690 independently classified follow-up questions, with a linearly weighted Cohen’s
𝜅 of 0.86. Most disagreements involved adjacent complexity levels and were resolved
through discussion before the final classifications were used in the subsequent analysis.

A clear increase in question complexity was observed with increasing expertise.
Questions generated for Novice participants primarily requested descriptions, experi-
ences, or straightforward examples. Basic Knowledge participants received more ex-
planatory and application-oriented questions. Advanced Knowledge participants were
increasingly asked to analyze relationships, compare alternatives, and consider risks,
while Expert participants more frequently received scenario-based and evaluative ques-
tions requiring justification, assessment of trade-offs, or proposals for technical and
organizational controls.

The relationship between M3 expertise level and subsequent question complexity was
strong and statistically significant, Spearman’s 𝜌 = .79, 𝑝 < .001. This indicates that
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Table 13 Representative Questions Across Expertise Levels
Expertise Level Representative Question
Novice “Have you ever thought about privacy when using an LLM at work? What kinds of information would you

avoid sharing with it?”
Basic Knowledge “What privacy or security problems do you think could arise when employees enter work-related infor-

mation into publicly available LLMs?”
Advanced Knowledge “How would you assess the risk of sensitive organizational information being exposed through employees’

use of public LLM services?”
Expert “Suppose an organization wants to permit employees to use public LLMs while protecting confidential

information. What technical and governance controls would you recommend, and how would you evaluate
whether those controls are effective?”

M3 did not function only as an expertise classifier; its output systematically influenced
the cognitive depth of the questions generated by M4.

5.4 Examples of Adaptive Question Progression

Representative questions illustrate how M4 adjusted the depth of questioning while
remaining within the same general research area. Table 13 shows the progression across
the four expertise levels.

The progression is expressed primarily through the depth of reasoning required,
rather than simply through increased use of technical terminology. The Novice question
allows participants to respond using awareness and personal experience. The Basic
Knowledge question asks participants to identify and explain potential problems. The
Advanced Knowledge question requires assessment of organizational risk, while the
Expert question requires participants to propose and evaluate technical and governance
measures.

M4 also maintained the three-part interaction consisting of a Response Message,
Transition Message, and Next Question. One representative sequence was:

Participant Response:
“We sometimes use public LLMs for rewriting documents, but we are told not to include client
information because we do not know how that information may be processed.”

Response Message:
“That highlights an important distinction between using the tool for general assistance and
deciding what information can safely be shared.”

Transition Message:
“The way organizations manage that boundary can involve both employee practices and formal
safeguards.”

Next Question:
“What controls or organizational guidelines do you think would be most effective for reducing
the risk of employees exposing sensitive information through LLM use?”

The sequence illustrates how the generated response acknowledges the participant’s
contribution, the transition maintains conversational continuity, and the subsequent
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Table 14 Participant Evaluation of the AI-Powered Interview

Evaluation Dimension Mean SD
Question Relevance and Coherence 4.41 0.58
Cognitive and Emotional Engagement 4.32 0.64
Overall User Satisfaction 4.38 0.61

question advances the discussion from recognition of a privacy risk to possible
mitigation measures.

5.5 Semantic Question-Uniqueness Validation

The operation of M5 was evaluated by examining whether candidate follow-up ques-
tions generated by M4 were semantically distinct from questions already asked within
the same interview. Across the 3,690 first-pass candidate follow-up questions, M5 ac-
cepted 3,469 (94.0%) and identified 221 (6.0%) as having substantial semantic overlap,
returning these candidates to M4 for regeneration. Most rejected questions did not con-
tain identical wording. Instead, they requested substantially the same information using
alternative terminology or phrasing. For example:

“What privacy risks do employees face when using public LLMs?”

and

“What data-protection problems may occur when staff use publicly available generative AI?”

These questions were treated as semantically overlapping because both target essen-
tially the same information. A regenerated question such as

“What controls would you recommend to mitigate those risks?”

was accepted because it extends the discussion from risk identification to mitigation,
thereby adding a new information objective rather than repeating the previous question.
Of the 221 questions returned to M4, 207 (93.7%) were accepted following the first
regeneration cycle, while 14 (6.3%) required two or more regeneration cycles.

5.6 Participant Evaluation

After the completion of the interview, participants evaluated their experience on a
five-point scale. Three dimensions were examined: Question Relevance and Coherence,
Cognitive and Emotional Engagement, and Overall User Satisfaction.

Question relevance and coherence received the highest mean score (𝑀 = 4.41,
𝑆𝐷 = 0.58), indicating that participants generally perceived the dynamically gener-
ated questions as relevant to their responses and logically connected throughout the
interview. Cognitive and emotional engagement was also rated highly (𝑀 = 4.32,
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𝑆𝐷 = 0.64), suggesting that the adaptive questioning maintained participant involve-
ment. Overall satisfaction was similarly positive (𝑀 = 4.38, 𝑆𝐷 = 0.61). Together with
the architecture-level verification, these participant ratings indicate that dynamically
adapting question complexity and maintaining semantic progression did not negatively
affect the interview experience. Participants generally experienced the interviews as
relevant, engaging, and satisfactory while the interviewer adjusted its questioning ac-
cording to their demonstrated expertise.

6 Conclusion

This study presented an Evidence-Traceable Dynamic Interviewer Architecture for con-
ducting adaptive qualitative interviews using a locally hosted LLM. The architecture
separates the interviewing process into five modules covering system-prompt genera-
tion, initial questioning, dynamic expertise profiling, adaptive iterative questioning, and
semantic question-uniqueness validation. A persistent interview-state record supports
traceability between participant responses, expertise inference, question-generation de-
cisions, and validation outcomes. The architecture was implemented using Llama 3.2
3B and evaluated with 246 participants in a workplace LLM-use case study. The re-
sults provide evidence that the evaluated adaptive components operated consistently
with their intended functions. M3 achieved 78.9% exact agreement with independently
reported participant expertise and 98.4% agreement within one adjacent level, with a
linearly weighted Cohen’s 𝜅 of 0.80. M4 showed a strong relationship between inferred
expertise and subsequent question complexity (𝜌 = .79, 𝑝 < .001). M5 accepted 94.0%
of first-pass candidate questions and returned 6.0% for regeneration after identifying
semantic overlap. Participants also rated question relevance and coherence (𝑀 = 4.41),
engagement (𝑀 = 4.32), and overall satisfaction (𝑀 = 4.38) positively.

These findings show that expertise profiling serves a functional role beyond par-
ticipant classification by influencing the depth and cognitive demand of subsequent
questions. M5 further provides a filtering mechanism for identifying potentially repet-
itive questions before they are presented to participants. Together, response evidence,
expertise-aware adaptation, conversational continuity, and semantic validation provide
a structured process for moving from a participant’s response to an appropriate next
question while retaining an inspectable decision trail.

A limitation of the present study is that the architecture was evaluated using a single
local LLM, Llama 3.2 3B. The architecture is conceptually model-independent because
its modules and information flow are separated from the underlying LLM; however,
the present evaluation does not establish model-independent performance. Different
local models may respond differently to the same structured prompts, and cross-model
evaluation is therefore required to determine the consistency and robustness of the
architecture across model families and parameter sizes.

Future work will evaluate the architecture using multiple local LLMs to exam-
ine model independence, robustness, and consistency of expertise classification and
adaptive questioning. Further studies can apply the architecture to different qualitative
research domains, languages, and participant populations. Additional work may in-
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vestigate longer-term interview memory and integration with downstream qualitative-
analysis pipelines, supporting a more complete privacy-conscious workflow for lo-
cally executed interview collection and analysis. The modular and evidence-traceable
structure presented in this study provides a foundation for developing context-aware,
expertise-aligned, non-repetitive, and auditable qualitative interviews.
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The study was conducted in accordance with the ethical principles for research involving
human participants issued by the Finnish National Board on Research Integrity (TENK,
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These criteria are listed in Section 4.2, “Research design elements requiring ethical
review,” on page 19 of the TENK guidelines.2 The present study did not contain any
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for Human Sciences at the University of Turku was not required. Participation was
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