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Fig. 1. A modular pipeline: LLM-expert interview deriving knowledge items for “drivers’ minimum mental model”.

Human expert interviews are valuable but often limited by slow recruitment, scarce expertise, and network-based sampling, especially
for abstract human-automation topics requiring multidisciplinary input. This paper presents a persona-based LLM expert-interview
pipeline for structuring expert knowledge before human involvement. We constructed 28 discipline-specific personas and purposively
selected seven differentiated “silicon experts” across human factors, engineering, regulation, accessibility, and UX design. Using
drivers’ minimum mental model (MMM) as a demonstration topic, each persona completed a structured interview protocol and
returned JSON-formatted responses. The pipeline generated 58 candidate MMM items, producing concrete, traceable, and auditable
outputs. Results showed both convergence and persona-specific divergence: shared priorities included driver responsibility, operational
design domain boundaries, and permitted non-driving-related tasks, while divergent contributions highlighted OTA updates, sensor
limitations, and warning-channel perceivability. The pipeline is positioned as a preliminary scoping tool for preparing subsequent
human expert validation.
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1 Introduction

Large language models (LLM) have evolved from simple chatbots to serious research instruments [3, 33]. Recent studies
support researchers in hypothesis generation [36], enabling multi-stage agentic research workflows [19, 33], and acting
as peer-review assistants [13, 37]. Within this wider shift, one methodological strand explores how LLM can be designed
to mimic human responses, potentially augmenting research approaches that traditionally rely on human participants.
This work has evolved along two main empirical trajectories: first, quantitative studies that use LLM to replicate public
opinions in structured survey formats [1, 5, 14, 29]; second, qualitative studies that use LLM to conduct semi-structured
interviews that produce richly contextualised detailed narratives [2, 15, 35].

Developing personas for LLM has recently gained traction as a promising method to elicit human-like responses [20,
27]. Extending the UX design tradition of using user archetypes to understand needs, behaviours, and constraints [26], a
persona is used to steer LLMs to generate outputs more aligned with specific social and psychological standpoints, each
tied to particular human traits [24]. For example, Argyle et al. coined the term “algorithmic fidelity” to capture how well
an LLM can mirror subgroup-specific patterns in human attitudes and behaviours, demonstrating that conditioning
GPT-3 with detailed first-person sociodemographic backstories produced results that closely align with its human
benchmarks [5]. Similarly, De Winter et al. generated text-based personas by prompting GPT-4 to produce concise
profiles that include age, gender, occupation, and brief descriptive traits, indicating that constructing personas for LLM
can support preliminary questionnaire piloting prior to recruiting real participants [14].

Expert interviews are a standard method for investigating emerging topics [11], with semi-structured interviews
used in human-automation interaction research [23, 32] and Delphi methods supporting the iterative synthesis of
expert opinions into consensus [8, 25, 34]. However, these methods face key challenges. First, assembling experts
takes considerable time [22]. Second, sampling often relies on the researcher’s own professional network, producing
overly homogeneous panels [21]. Third, experts can become fatigued during long or abstract interviews and rely
more on quick experience-based judgements, resulting in shorter and less detailed qualitative responses [28]. These
conventional constraints become particularly challenging when studying complicated topics such as minimal mental
models (MMM), which captures the requisite understanding that a driver must possess to interact safely with the
automated system [12]. Although prior studies have examined drivers’ mental models in relation to specific SAE levels
or systems features [6, 7, 30, 31], it does not always translate into a concrete, cross-SAE-level catalogue of minimum
driver knowledge. Thus, for an abstract and multidisciplinary topic such as MMM, researchers still need to turn broad
concepts into probeable candidate items that can be discussed, challenged, and refined in expert interviews.

Recent research underscores the potential of persona-conditioned LLM to produce knowledge tailored to specific
disciplines [5, 24]. If such personas can stand in for experts, they provide a rapid preparatory tool for expert interviews.
It can help researchers generate tentative arguments on complex topics such as MMM and bring multidicsiplinary
perspectives [15]. Since LLM outputs are sensitive to the prompts they receive and can be influenced by them [24],
the main challenge in incorporating an LLM-based approach into expert interviews does not lie in querying the LLM
itself, but in devising a procedure that ensures the responses are reproducible, comparable, and transparent enough for
critical evaluation.

1.1 Aim of study

This study introduces and demonstrates an iterative, time- and resource-efficient pipeline to support early-stage
qualitative exploration in the domain of automated driving. We use MMM as an example domain with three objectives.
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Fig. 2. Example of persona conditioning: converting a structured expert profile into a first-person professional backstory.

First, we use LLM persona profile design to systematically construct transparent and traceable expert standpoints
to counter the network-bounded homogeneity in conventional expert sampling. Second, we introduce an interview
protocol and a structured output format to translate a broad human–automation topic into concrete candidate items.
Third, we explore the pipeline as an initial scoping tool to flag overlaps, conflicts, and gaps ahead of expert interviews,
thereby guiding later interviews towards validation, refinement, and deeper exploration.

2 Method

We developed a three-phase pipeline (Figure 1) via scripted API calls in Python 3.14 scripts for generating the artefacts.
We used Claude-Opus-4.7 in Phases 1 and 2 because, at the time of data collection, it performed well on step-by-step
reasoning and document-heavy benchmarks, matching our need for long-context persona conditioning and structured
qualitative outputs [4]. Data were gathered between 14 and 24 April 2026.

2.1 Phase 1: LLM-expert profiles generation

First, we constructed a candidate persona metric, following Argyle et al.’s silicon-sampling approach, which combines
demographic factors with ideological, attitudinal, behavioural, and sociocultural traits to elicit subgroup-specific
response patterns [5]. We identified key professional disciplines relevant in automated driving, including human factors,
UX design, systems engineering, accident investigation, regulation, accessibility, and product management (Figure 1).
Using these as standpoints, we created a heterogeneous persona matrix and combined it with two technological
ideologies (technology-optimistic or technology-cautious) and two priorities (safety-focused or innovation-focused),
yielding 28 distinct persona profiles (7×2×2 = 28), represented as 28 JSON files. Since the goal of expert recruiting is not
to achieve full statistical coverage of the entire persona matrix, but rather to assemble a diverse and credible panel [5, 8].
Thus, we purposively selected seven personas for the interview stage to cover the representative standpoints while
maximising contrast in technology ideology and priority. The final set was selected so that each persona’s ideology and
priorities reflected a plausible professional viewpoint, such as a technology-cautious, safety-focused human factors
specialist and an innovation-oriented product manager. Our goal was not to stereotype professions, but to create a
balanced, varied set of perspectives to enable efficient pipeline testing.

Second, we elaborated each chosen persona into a first-person backstory (Figure 2). This proven method helps make
assumptions explicit and captures domain-specific reasoning patterns when designing silicon samples [5]. The API call
for Claude-Opus-4.7 was made a total of seven times, once for each persona. Each call included three components: a
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Fig. 3. Shortened example of the structured JSON output used to store persona-based expert interview responses.

system prompt outlining the task, a JSON file for the persona, and a .txt file containing a sample first-person backstory.
Every backstory starts with “I am,” adopts a practitioner-style tone, and uses role-specific technical terminology with a
clearly articulated professional position. For example, technology-optimistic experts assume that sensor fusion and
large-scale data will ultimately handle all edge cases, whereas technology-cautious experts focus on risks arising from
automation fragility. Similarly, innovation-focused experts emphasise rapid technical iteration and exploring future use
cases, while safety-focused experts foreground zero-harm principles and adherence to regulation. These LLM experts
(𝑁 = 7) then participated independently in structured interviews conducted in Section 2.2.

2.2 Phase 2: LLM-expert interview

First, we based the questions in the interview of MMM requirements on the validated frameworks interpreting mental
model through [31]: responsibility, HMI and communication, operational design domain (ODD), non-driving-related tasks

(NDRT), system limitation and capability, hardware and software [10]. The pre-defined themes offered a theoretically
grounded structure for the interview protocol.

We queried each LLM expert once via an API call for Claude-Opus-4.7, using structured prompts to elicit responses
strictly from their disciplinary standpoint. The prompts were assembled from four elements, with independent .txt
and .json files: (1) the persona profile and first-person backstory; (2) a system prompt positioning the model as one
expert in a structured interview; (3) a prompt of interview rules asking the persona to explain why each issue was
proposed from its professional perspective and avoid fabricated references; (4) a theme-specific question asking for
minimum knowledge drivers’ must have. Each response was then constrained to a fixed output schema: a knowledge
“point” beginning with “The driver must know...”, followed by reasoning, scenarios, examples, and references where
applicable (Figure 3). We therefore obtained an output format in which each response was represented as a JSON object
that included explicit knowledge items with respective structural explanations.

2.3 Phase 3: data analysis

We analysed the seven JSON files as outputs from structured LLM-expert interviews, which followed six predefined
themes (Section 2.2). The coding was carried out by the first author, informed by the Framework Method for qualitative
data analysis [17]. The predefined interview themes formed the initial analytical structure, and within each theme,
Manuscript submitted to ACM
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Fig. 4. Sankey diagram of visualising the connections between LLM-expert profiles, pre-defined themes, and codes, formulated as
statements beginning with “The driver must know...”

inductive open coding was used to identify recurring concepts. Each “point” (a structured statement of driver knowledge
within a theme) in the JSON files was decomposed into one or more codes. The accompanying reasoning, scenarios,
examples, and references were used to support interpretation during the coding process. ChatGPT-5.5 acted as an
auxiliary second coder and was kept distinct from Claude-Opus-4.7, which had generated the interview responses. It
independently coded the materials in the same manner as the first author and returned the results as JSON files, which
were then used to support comparison checking. The first author then reviewed, compared, and merged the codes
within each theme. The coding results were combined into a single CSV file, with each row corresponding to one coded
unit for data analysis.

3 Results

After merging the seven LLM expert outputs, the first author segmented the generated statements into point-level
codes and removed duplicates, resulting in 58 distinct code terms across pre-defined six themes (Figure 4). Overall,
the result shows three main characteristics. First, coverage across themes was relatively balanced, with System
limitation and capability accounting for the smallest share of coded items (11.4%), Responsibility and HMI and
communication the largest (18.4%). Second, the distribution of themes varied across LLM-expert profiles, suggesting
that each persona contributed from its own professional standpoint. For example, P07, the product manager, reported
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most code contributions were in Hardware and software (28%), while P06, the inclusive designer, contributed most
codes to System Limitation and capability (22%) (Figure 1). P04, the accident investigator and P05, the safety
regulator, contributed most strongly to ODD (19%). Third, the generated outputs transformed the overarching themes
into concrete, rather than general, knowledge items. For example, Responsibility was explicitly interpreted by LLM
through items such as “who is legally responsible”, “how responsibility can shift”. HMI and communication was
translated into knowledge about “takeover request meanings, warning channels and modalities”. Similarly, System
limitation and capability was expressed through “specific failure cases such as stationary objects at highway speed,

occluded vulnerable road users, unusual road geometries, and hand signals from traffic controllers”.
The results further indicate consensus and discrepancy across the output of the LLM-experts. On the one hand,

codes repeated in all the 7 LLM experts, for instance, “who is legally responsible”, “concrete ODD boundaries in human-

recognisable terms”, “system workability in specific road type, weather, time of day, presence of construction and any

geofence, speed range.”, and “The driver must differentiate permitted NDRTs and prohibited NDRTs”. On the other hand,
the discrepancies were not direct contradictions. Instead, they showed that different personas set different boundaries
for what should count as “minimum” knowledge. For example, P03, the algorithm engineer and P07, the product
manager, expanded Hardware & software, including “sensor obstruction and calibration after windshield replacement,

tyre condition”. P07 highlighted “Driver must be aware of OTA updates”, and “OTA can change system behaviour, HMI

signals...”. P06, the inclusive designer, brought the only accessibility focus, emphasising that drivers must know both
the “system’s warning channels” and “their own ability to perceive these channels reliably”. Therefore, the observed
discrepancies are better interpreted as complementary expansions rather than mutually exclusive disagreements.

4 Discussion

These findings indicate that the LLM-based pipeline offers a controlled, transparent and auditable approach for
supporting early-stage interviews with human experts. First, the pipeline turns an abstract concept into a concrete,
structured space: it produced 58 distinct items, each of which can be traced back to its persona and reasoning. Second,
the pipeline produces differentiation across disciplines together with convergence on items the personas were never
prompted to agree on [5]. These features are built into the pipeline in a way that one-shot prompts simply can’t
reach. They enable traceability, reproducibility, and cross-model auditing, turning the process into something closer to
expert interviews or Delphi studies than to mere querying. Aligning with calls for greater transparency in automotive
user research [16], we therefore frame the pipeline as a strategic preparation tool that structures and stress-tests the
requirement space for the human validation detailed below in future work.

4.1 Limitation and future work

This study has several limitations that suggest directions for future work. First, the outputs may reflect training-data
biases [9, 18], tending to more easily replicate viewpoints prevalent in academic publications, while regulations and
tacit industry design practices may be inconsistently captured. Future work should therefore examine whether different
model providers, prompt phrasings, and cross-model critique procedures between models produce stable or divergent
thematic clusters. Second, LLM experts are not human experts: they lack tacit knowledge and direct accountability for
safety-critical design decisions. The generated statements should therefore be used as starting points for a Delphi-style
rating study, in which practising human experts validate their reliability, ambiguity, and completeness. Third, the
structured interview pipeline should be further iterated toward a semi-structured format, in which initial outputs are
fed back into the model to generate follow-up probes and clarify ambiguous points. In general, this pipeline should
Manuscript submitted to ACM
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be understood as a strategic tool to prepare and test early-stage materials to anchor broad and abstract topics in
fast-evolving domains such as driver–automation interaction.

5 Supplementary material

Supplementary material including code, generated JSON responses, and the coding table is currently available via https://
www.dropbox.com/scl/fo/tz6awwf3zyjqpjx70hjbb/ADE_C3yh2OvKzfuA0kqWe0I?rlkey=jhmezp3zq2y76yto7tjpsmcbo&
st=q4x9ifrk&dl=0. A maintained version of the code is available at https://github.com/FayeFang-creator/llm-expert-
interview.
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