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The process begins when a policyholder submits a
damage claim. The insurance company registers
the claim and verifies the policy coverage and
provided information. If required, missing details are
requested from the policyholder. The damage is
then assessed, potentially involving an external

nce Company

expert. Based on the assessment, the claim is
either approved or rejected. If the claim is
approved, the compensation amount is calculated,
paid to the policyholder, and the claim is closed. If
the claim is rejected, the policyholder is informed of
the decision and the reason for rejection, and the
claim is closed without payment.
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1 added a single pool named "Insurance Company”
and built the complete claim handling flow. The

process starts with the policyholder submitting a
damage claim, then the claim is registered, verified,
and missing information can be requested. After the
damage assessment, an exclusive gateway decides
whether the claim is approved or rejected.
Approved claims go through compensation
calculation, payment, and end with a
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closed-approved end event. Rejected claims lead to
an inform-rejection task and end with a
closed-rejected end event. Al tasks and gateways
are properly connected with sequence flows, and
every element has the required incoming and
outgoing connections.
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Figure 1: User interface of KICoPro with an example process.

Abstract

Integrating Large Language Models (LLMs) into business process
management tools promises to democratize Business Process Model
and Notation (BPMN) modeling for non-experts. While automated
frameworks assess syntactic and semantic quality, they miss hu-
man factors like trust, usability, and professional alignment. We
conducted a mixed-methods evaluation of our proposed solution,
an LLM-powered BPMN copilot, with five process modeling experts
using focus groups and standardized questionnaires. Our findings
reveal a critical tension between acceptable perceived usability
(mean CUQ score: 67.2/100) and notably lower trust (mean score:
48.8%), with reliability rated as the most critical concern (M=1.8/5).
Furthermore, we identified output-quality issues, prompting dif-
ficulties, and a need for the LLM to ask more in-depth clarifying
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questions about the process. We envision five use cases ranging
from domain-expert support to enterprise quality assurance. We
demonstrate the necessity of human-centered evaluation comple-
menting automated benchmarking for LLM modeling agents.
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1 Introduction

Large Language Models (LLMs) are increasingly used in business
process management (BPM), especially for generating Business
Process Model and Notation (BPMN) models from natural language
descriptions [10, 13, 27, 28]. Recent systems such as ProMoAI [13],
BPMN Chatbot [11], and Camunda BPMN Copilot [6] illustrate the
potential of conversational process modeling. KICoPro! exemplifies
such a conversational system that transforms textual process de-
scriptions into BPMN models. This capability could broaden access
to process modeling beyond dedicated experts [28].

However, existing evaluations have focused mainly on auto-
mated benchmarks of syntactic, semantic, and pragmatic quality
[6, 12]. While such metrics are important, they do not capture
whether these systems are actually usable and trustworthy in prac-
tice. In particular, conversational BPMN generation may create a
gulf of execution [23], where users must infer how to formulate
prompts to achieve their modeling goals, and may increase cognitive
load when they have to structure descriptions, decompose complex
processes, and verify generated process models. These issues are
especially relevant because BPMN models are human readable com-
munication artifacts that must support collaborative understanding
and review [24]. As Liao and Varshney argue, human-centered
evaluation is therefore needed to understand integration into work
practices, trust calibration, and interaction breakdowns [19].

We address this gap through a focus group study with process
modeling experts, complemented by standardized questionnaires
measuring trust, usability, and task-specific performance. Our re-
search questions are:

e RQ1: How do process modeling experts perceive the usabil-
ity and design of an LLM-based modeling copilot?

e RQ2: What are the strengths and weaknesses of LLM gener-
ated BPMN models from experts’ perspectives?

e RQ3: What usage scenarios do experts envision for LLM
based process modeling tools?

2 Related Work

Prior research shows that LLMs can support the generation and
refinement of process models from textual descriptions. ProMoAI
[13] demonstrated strong performance of GPT-4 in process model
generation, error resolution, and feedback integration, while BPMN
Chatbot [11] showed that high model correctness can be achieved
with substantially lower token usage. Overall, these studies high-
light the potential of LLM based process modeling. But the evalua-
tion is mainly based on quality metrics rather than user experience
or trust. Commercial tools such as the Camunda BPMN Copilot [6]
and BPMN Assistant [20] further reflect growing interest in LLM-
assisted process modeling. Overall, the current work emphasizes
technical performance over human factors in real-world use cases.

2.1 Automated Evaluation Frameworks

Several frameworks have been proposed for systematically evaluat-
ing LLM generated BPMN models. Kourani et al. [12] developed a
comprehensive benchmark consisting of 20 diverse business pro-
cesses, evaluating 16 state-of-the-art LLMs and revealing significant
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performance variations across LLMs. Recent work has also intro-
duced structured evaluation frameworks assessing external quality
across established BPM quality dimensions [6, 15, 16].

Drawing from ISO 9126 and systematic reviews of process model
quality [25], these frameworks typically evaluate clarity, correct-
ness, and completeness. However, as Sanchez Gonzalez et al. [25]
argue, process model quality is inherently multidimensional, in-
cluding pragmatic, human-centered aspects. However, those are
not fully captured by automated metrics alone.

2.2 Human Centered Evaluation of AI Systems

The Human Centered Interaction (HCI) community has increas-
ingly emphasized the need for human-centered evaluation of Al
systems [1, 19, 29]. Trust in Al systems has emerged as a criti-
cal factor in effective human AI collaboration [5, 17]. Amershi et
al. [1] proposed guidelines for human Al interaction that empha-
size supporting user understanding, enabling appropriate trust, and
facilitating effective correction, aspects that require human evalua-
tion to assess. Scharowski et al. [26] validated the Trust Scale for
the AI Context (TAI), demonstrating its psychometric quality for
measuring trust in Al applications, including chatbots.

For conversational Al, Holmes et al. [9] developed the Chatbot
Usability Questionnaire (CUQ), recognizing that traditional usabil-
ity measures may not adequately capture the characteristics of con-
versational systems. The CUQ has been validated across multiple
contexts [8] and adopted in studies of professional applications [22].

3 KICoPro

KICoPro is a web-based conversational BPMN modeling tool that
enables users to generate and iteratively refine BPMN models via
natural language interaction. The system was developed as a re-
search prototype to explore the potential of LLM-based assistance
for process modeling tasks, with particular attention to supporting
iterative refinements common in professional practice.

The system architecture combines a chat-based frontend, shown
in Figure 1, with an LLM backend and BPMN rendering components.
Users interact through a conversational interface where they can
describe business processes in natural language (right-hand side in
Figure 1), request modifications to generated models, ask questions
about the current process model state, and request explanations of
process modeling decisions. The system maintains a conversation
history, enabling multi-turn interactions in which users can refer-
ence and refine previous outputs. The process models are displayed
in the BPMN modeler (left-hand side in Figure 1), which also allows
the users to modify the BPMN models.

KICoPro supports natural-language processing of domain-agnostic
process descriptions, generates BPMN models that are visualiz-
able within conversations, supports iterative refinement through
targeted modifications, maintains persistent chat histories across
sessions, enables BPMN file imports for extension, and offers com-
patibility with BPMN standard export.

At the time of evaluation, certain BPMN elements were not
fully supported by the system’s layout engine, including lanes (for
representing organizational roles), message flows (for inter process
communication), and some annotation types. These limitations
were communicated to participants as part of the evaluation setup.
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4 Mixed-Method Evaluation

We conducted a mixed-methods evaluation combining a focus group
workshop with standardized questionnaires to capture both qual-
itative insights into expert users’ experiences and quantitative
measures of usability, trust, and task-specific performance. This
methodological triangulation follows established practices in HCI
research for evaluating complex interactive systems [4], where nei-
ther purely qualitative nor purely quantitative approaches alone can
capture the full picture of user experience. The qualitative compo-
nent enables deep exploration of user perceptions, challenges, and
envisioned use cases, while the quantitative component provides
standardized measures that enable comparison with benchmarks
and other systems.

4.1 Participants

Five process modeling experts participated in the evaluation (n = 5),
an overview is given in Table 1. All participants worked extensively
with BPMN models in their professional roles within the same or-
ganization, thereby representing a homogeneous sample of domain
experts. Self-reported engagement with process models was mostly
several days per week, indicating that process modeling constituted
a core professional activity for all participants. Participant ages
ranged across four decades (20s through 50s), representing diverse
career stages. All participants reported prior experience with chat-
bot systems, with an average chatbot usage frequency of 2 to 3 days
per week, indicating familiarity with conversational Al interfaces.

Table 1: Participant characteristics (n = 5).

ID Age BPMN Work Chatbot Chatbot Use
Group (days/week) Exp. (days/week)

P1 20-30 <1 Yes 2-3

P2 20-30 2-3 Yes 2-3

P3 20-30 <1 Yes 2-3

P4 31-40 4-5 Yes 3-5

P5 51-60 4-5 Yes <1

Focusing on expert rather than novice users was a deliberate
methodological choice aligned with our research questions. Experts
identify subtle quality issues missed by novices, provide essen-
tial oversight for organizational adoption, and articulate workflow
integration needs.

4.2 Procedure

The evaluation was conducted in several phases, with a structured
focus-group workshop lasting approximately three hours as the
main component. It followed established guidelines for focus groups
with expert participants [14, 21].

Phase 1 - Kickoff (remote, 1 hour) Participants received a
brief kickoff session introducing the tool and its functionalities.
They were then asked to share their expectations for a modeling
chatbot without prior exposure to the prototype. This phase served
dual purposes: orienting participants to the evaluation context and
capturing baseline expectations prior to hands-on interaction.
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Phase 2 - Hands-on self exploration (2 weeks): Following the
kickoff, participants engaged in semi-structured, extensive hands-
on exploration of our proposed solution. The participants were
provided with two representative process descriptions, of varying
complexity, to model, but were also encouraged to explore freely
using their own process descriptions and modification requests.

Phase 3 - Focus Group (In-Person, 3 1/2 hours): We con-
ducted a semi-structured focus group where participants reflected
on their experiences with our proposed solution, addressing in-
terface usability, BPMN quality, limitations, improvements, and
professional use cases. Discussions were documented through de-
tailed observer notes and participant contributions on a shared
whiteboard.

Phase 4 - Questionnaires (30 minutes): The participants com-
pleted standardized online questionnaires after the focus group,
assessing usability, trust, and task-specific performance based on
their overall hands-on experience.

4.3 Instruments

4.3.1 Chatbot Usability Questionnaire (CUQ). We employed the
16-item Chatbot Usability Questionnaire (CUQ) [9] to evaluate per-
ceived usability of the conversational BPMN copilot. As CUQ is
specifically designed for chat-based interfaces, it overcomes limita-
tions of traditional scales like System Usability Scale (SUS) [3] by
addressing conversational characteristics across five dimensions:
personality and engagement, onboarding and welcome, navigation
and ease of use, understanding and communication, and error han-
dling and overall assessment. Participants responded on a 5-point
Likert scale (1 = strongly disagree to 5 = strongly agree). Eight nega-
tive items were reverse-scored before being aggregated into a 0-100
score, with higher values indicating superior usability. Through
validation studies [8], a benchmark mean of 68/100 was established.

4.3.2  Trust Assessment. Trust was measured using an 8-item scale
adapted from the Trust Scale for the AI Context (TAI) [7, 26], which
has been validated for measuring trust in Al-based chatbot systems
with strong psychometric properties. The scale captures multiple
dimensions of trust in Al systems: confidence in functionality, pre-
dictability, reliability, security, efficiency, suspicion, comparative
competence, and decision support. Each item was rated on a 5-point
Likert scale, with the total score converted to a percentage scale
(range: 0-100%) for interpretability.

4.3.3 Tool-Specific Quality Assessment. We developed an eight-
item questionnaire to assess BPMN model quality and task-specific
capabilities not captured by generic measures. The items covered
understanding of textual descriptions, representation of key ac-
tivities, correct sequencing, structural clarity, implementation of
modifications, process explanations, professional suitability, and
the level of detail. The responses, given on a five-point Likert scale,
were converted to percentages. Additionally, two open-ended ques-
tions captured positive and negative use cases: "I like using the tool
for.." and "The tool did not achieve good results in the following
use cases:...".
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4.4 Data Analysis

All quantitative questionnaire data were analyzed descriptively
(means, ranges, distributions, and standard deviation). Given the
small sample size (n = 5), we report descriptive statistics following
study recommendations [18]. The small sample precludes claims
about statistical significance but enables identification of patterns.
Qualitative data from the focus group, workshop documentation,
and open-ended questionnaire responses were analyzed using the-
matic analysis following Braun and Clarke’s six-phase approach
[2]. The initial coding captured discrete observations, which were
iteratively clustered into candidate themes based on conceptual
similarity. Those themes were refined against the full dataset for co-
herence and organized around the study’s three research questions,
highlighting both common patterns and distinctive perspectives.

5 Results
5.1 Qualitative Results

Thematic analysis of focus group discussions, workshop documenta-
tion, and open-ended questionnaire responses yielded seven major
themes organized around the three research questions, revealing
seven major themes, as well as five potential use cases.
RQ1: Usability and Design Perceptions

Theme 1: Intuitive Interface, Opaque Prompting. The interface was
praised as simple and intuitive, with familiar chat-based operations
(text input, process model viewing, and new conversations) posing
no difficulties. However, a prompting paradox revealed a gulf of
execution: users understood the overall goal of generating BPMN
models from text, but were unsure how to formulate prompts that
would reliably produce useful results. They struggled with input
formulation, e.g., balancing detail vs. conciseness, structuring multi
part processes, and including domain context, which hindered the
adoption. Error handling exacerbated this, as participants lacked
remediation guidance for layout errors or suboptimal outputs.

Theme 2: Response Latency as Workflow Barrier. The process mod-
eling time was perceived as overly long, disrupting the iterative
workflow essential to professional process modeling. Participants
reported that input output latency impeded rapid iteration for re-
finement and exploration, disrupting the process modeler’s cogni-
tive rhythm.

RQ2: Strengths and Weaknesses of LLM-Generated BPMNs

Theme 3: Varying Output Quality Participants report that the
quality of generated BPMN models is sometimes insufficient. In
particular, longer process descriptions tend to yield lower-quality
BPMN models that capture only a subset of the described process.

Theme 4: Chunking as Emergent Coping Strategy. Participants
discovered chunking as a coping strategy to improve output quality
for long descriptions, with iterative, piecewise prompting outper-
forming comprehensive inputs. However, this strategy increased
cognitive load, as users had to segment their mental model of the
process into manageable fragments, maintain coherence across
iterations, and mentally reassemble the resulting model.

Theme 5: Imprecise Modifications. Modification requests proved
unreliable due to incorrect implementations. Key issues included
unsupported BPMN elements (lanes, annotations) without notifi-
cation, with participants stressing that complete palette coverage
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is needed. Additionally, modification requests often trigger issues
such as insertions with unexpected connections or unintended
modifications to previously unchanged parts.

Theme 6: Absent Clarification Dialogue. It was noted that the
LLM failed to ask clarifying questions for ambiguous inputs. Pro-
fessional process modeling requires an iterative dialogue to resolve
descriptive gaps, a capability absent in the system. This lack of clar-
ifying interaction leads the LLM to generate complete outputs from
incomplete inputs via implicit rather than explicit assumptions.

Theme 7: Convention Violations. Participants observed that pro-
cess modeling conventions were not followed, including both BPMN
2.0 standards (e.g., a task has one incoming and one outgoing se-
quence flow) as well as organization-specific guidelines (e.g., labels
need to follow a specific pattern) intended to ensure consistency
across an enterprise process portfolio. They expected the tool to be
configurable with enterprise conventions and capable of perform-
ing quality assurance against them.

RQ3: Envisioned Use Cases

Analysis of open-ended responses and focus group discussions
revealed five distinct use cases that the participants envisioned for
LLM-based process modeling tools.

Use Case 1: Support for Domain Experts (Non-Modelers). The sys-
tem aids BPMN-inexperienced domain experts by generating di-
agrams from natural language, enabling specialist refinement or
direct documentation, also addressing the "blank page problem" by
providing an initial structure. However, it was stressed that non-
experts need higher output quality, as they cannot readily detect
errors, unlike skilled process modelers.

Use Case 2: Quality Assurance Bot. The copilot could validate
process models against BPMN standards and organizational con-
ventions, while automatically correcting identified issues.

Use Case 3: Process Creation from Visual Inputs. A key work-
shop requirement was image-to-BPMN conversion, covering pho-
tographs of hand-drawn sketches. This addresses the common need
to formalize informal process model sketches.

Use Case 4: Enterprise-Integrated Local Deployment. A local LLM
variant was envisioned, which is trained on the organization’s
process portfolio, enabling the recognition of existing processes,
pattern-based suggestions, enterprise-wide consistency checks, and
subprocess reuse.

Use Case 5: Process Optimization and Support. The system should
support process improvement by identifying optimization potential,
suggesting enhancements, and asking probing questions. This ex-
tends beyond modeling to active process analysis, leveraging LLM
reasoning to detect inefficiencies human modelers might miss.

Negative Use Cases. Participants also clearly identified contexts
in which the current system performed poorly, thereby highlight-
ing its present limitations. Long and complex process descriptions
often led to unsatisfactory results (P1, P3, P4), and reconstructing
already known processes from memory also proved challenging
(P5). Moreover, for experts working on complex processes, the tool
was perceived as slowing work down rather than accelerating it
(P2). These negative cases help bound expectations for current
capabilities and identify priority areas for improvement.
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5.2 Quantitative Results

This section summarizes the results from the questionnaires con-
cerning usability, trust, and task-specific quality. Table 2 summa-
rizes the scores across all assessment dimensions.

Table 2: Summary of quantitative assessment scores.

Measure Mean SD Min Max Ref.

Usability (CUQ) 672 7.1 5625 7344 68.07
Trust 48.8 105 3125 59.38  60.0F
Task Quality 544 17.8 25.0 65.63 -

TCUQ benchmark. *Suggested acceptable threshold.

5.2.1 Chatbot Usability (CUQ). The mean CUQ score across all
participants was 67.2 (SD = 7.1), falling marginally below the es-
tablished benchmark of 68 for chatbot usability. Individual scores
ranged from 56.25 to 73.44, indicating moderate variability in us-
ability perceptions across participants. The median score (70.31)
slightly exceeded the mean, suggesting one lower outlier.

Table 3: Chatbot Usability Questionnaire (CUQ) item-Level
results.

Item  Statement Mean SD Int. Critical
Q1 (+) Realistic personality 3.0 1.00
Q2 (-) Robotic behavior 2.4 0.89
Q3 (+) Welcoming onboarding 4.4 0.55 +
Q4 (-)  Unfriendly behavior 1.2 045  ++
Q5 (+)  Clear purpose explanation 2.2 0.45 - 4
Q6 (-)  No purpose explanation 3.2 1.30 o
Q7 (+) Easy to use 4.0 0.71 +
Q8(-)  Confusing to use 2.4 1.34 +
Q9 (+)  User input understanding 3.2 1.30 o
Q10 (-) Input recognition failure 2.6 0.89 o
Q11 (+) Useful responses 3.8 045  +
Q12 (=) Irrelevant responses 1.4 0.55  ++
Q13 (+) Good error handling 3.4 1.14 o
Q14 (-)  Unable to handle errors 1.8 1.30 - 4
Q15 (+) Overall ease of use 4.0 1.22
Q16 (<) Complex usage 2.0 0.71

Scale: 1 = strongly disagree, 5 = strongly agree. Item: (+) = positive; (-) = negative.

Int.: ++ = highly positive; + = positive; o= neutral; - = negative; — = highly negative;

Analysis of individual CUQ items, shown in Table 3, revealed
important patterns in usability perceptions. The highest-rated items
related to the initial user experience and basic interaction mechan-
ics. Participants found the chatbot welcoming at first setup (Q3:
M = 4.4, SD = 0.55), easy to use (Q7: M = 4.0, SD = 0.71; Q15:
M = 4.0, SD = 1.22), and not unfriendly (Q4: M = 1.2, SD = 0.45)
or excessively complex (Q16: M = 2.0, SD = 0.71). Responses were
generally perceived as useful, appropriate, and informative (Q11:
M = 3.8, SD = 0.45), and the system was not seen as producing
irrelevant responses (Q12: M = 1.4, SD = 0.55).

However, participants showed uncertainty about the system’s
transparency: the item "clear purpose explanation" scored below
neutral (Q5: M = 2.2, SD = 0.45), while "no purpose explanation"
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exhibited high variability (Q6: M = 3.2, SD = 1.30), indicating
disagreement. This suggests that despite ease of use, users lacked
clarity on system capabilities, which aligns with qualitative findings.
The understanding of user input showed mixed perceptions (Q9:
M = 3.2, SD = 1.30), with uncertainty about input recognition
failures (Q10: M = 2.6, SD = 0.89). This high variability suggests
that comprehension depends on input characteristics or strategies.
Also, error handling received moderate ratings (Q13: M = 3.4,
SD =1.14; Q14: M = 1.8, SD = 1.30), again with notable variability.

5.2.2  Trust Assessment. The mean trust score, computed as the
average of participants’ aggregated item scores, was 48.8% (SD =
10.5%), indicating moderate trust in the system. However, this score
falls notably below a suggested threshold of 60% for acceptable trust
and substantially below the usability score, revealing a usability-
trust gap. Individual scores ranged from 31.25% to 59.38%, with
participant P5 showing notably lower trust than others.

Table 4: Trust scale item-Level results.

Item  Statement Mean SD Int Critical
Q1 (+) Functions as intended 3.6 0.55 +

Q2 (+) Predictable results 2.4 055 o

Q3 (+) Correctness reliability 1.8 045 - 4

Q4 (+) Safe to rely on 2.4 055 o

Q5 (+) Operational efficiency 3.2 0.84 o

Q6 (-)  System suspicion (rev.) 3.8 110 +

Q7 (+)  Outperforms novice human 3.8 0.84 +

Q8 (+)  Suitable for decision-making 2.6 0.89 o

Scale: 1 = strongly disagree, 5 = strongly agree. Item: (+) = positive; (-) = negative.

Int.: ++ = highly positive; + = positive; o= neutral; - = negative; - = highly negative;

Item-level analysis in Table 4 revealed critical patterns in trust
formation. The participants expressed moderate confidence that the
system functions well overall (Q1: M = 3.6, SD = 0.55) and believed
the system could perform the task better than an inexperienced
human user (Q7: M = 3.8, SD = 0.84).

However, critical trust dimensions received notably lower ratings.
Reliability received the lowest rating (Q3: M = 1.8, SD = 0.45), in-
dicating that the participants could not consistently rely on correct
outputs. As this showed the lowest variability, it suggests consen-
sus. Predictability was also rated low (Q2: M = 2.4, SD = 0.55), as
was the sense of security when relying on the system (Q4: M = 2.4,
SD = 0.55). The system’s suitability for decision-making received
moderate ratings (Q8: M = 2.6, SD = 0.89).

Notably, participants showed low suspicion of the system (Q6:
M = 3.8, SD = 1.10) and moderate efficiency ratings (Q5: M =
3.2, SD = 0.84). This indicates no distrust of malicious intent but
rather concerns about output reliability and correctness, revealing
anuanced trust profile where the system is seen as well-intentioned
but inconsistent.

5.2.3 Tool-Specific Quality Assessment. The mean score for the
tool-specific quality assessment was 54.4% (SD = 17.8%), indicating
moderate perceived quality of generated BPMN models. Individual
scores ranged widely from 25.0% to 65.63%, with participant P5
rating quality substantially lower than others. As it was the same
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participant who showed lowest trust and usability scores, it suggests
consistency in that individual’s negative experience.

Table 5: Tool-specific quality assessment results.

Item  Statement Mean SD Int. Critical
Q1 (+) Text understanding 2.8 130 - 4

Q2 (+) Process representation 3.0 071 o

Q3 (+) Correct flow order 3.4 134 - 4

Q4 (+)  Structural clarity 3.2 0.84 o

Q5 (+) Modification handling 3.2 130 - 4

Q6 (+)  Description correctness 3.4 0.55 o

Q7 (+) Application suitability 3.4 1.34 - g

Q8 (+) Level of detail 3.8 045 +

Scale: 1 = strongly disagree, 5 = strongly agree. Item: (+) = positive; (-) = negative.
Int.: ++ = highly positive; + = positive; o= neutral; - = negative; — = highly negative;

The item-level analysis (Table 5) revealed that the level of detail
received the highest rating (Q8: M = 3.8, SD = 0.45), suggesting
that generated process models captured appropriate granularity.
The system’s ability to provide correct descriptions of modeled
processes was also rated moderately well (Q6: M = 3.4, SD = 0.55),
as were activity flow and ordering (Q3: M = 3.4, SD = 1.34) and
overall application appropriate quality (Q7: M = 3.4, SD = 1.34).

Text understanding received low ratings with high variability
(Q1: M = 2.8, SD = 1.30), indicating inconsistent input comprehen-
sion. This suggests comprehension depends on input characteristics
or participant discovered interaction strategies. Also, modification
handling showed similar patterns (Q5: M = 3.2, SD = 1.30), indicat-
ing variable success for change requests.

6 Discussion

Our results show that human-centered evaluation reveals system
quality aspects beyond automated metrics [6, 12]. Specifically, our
study uncovered a usability trust gap: a pleasant interaction does
not guarantee confidence in output reliability for professional use.
This observation aligns with trust calibration research distinguish-
ing affective responses from cognitive assessments of system ca-
pability [17]. These findings, together with the other results re-
ported in this study, motivate design implications that can only be
identified through human-centered evaluation. Accordingly, future
systems should be assessed using both automated benchmarks for
scalability and human evaluation to surface interaction breakdowns,
trust needs, and organizational fit that inform design.

6.1 Design Implications

Prompting Guidance. The prompting paradox indicates a need
for explicit input formulation support by making system expecta-
tions transparent, thus reducing the gulf of execution [23]. This
could include example conversations, templates for common pro-
cess types and documentation of what input features correlate with
good output quality.

Progressive Disclosure and Chunking Support. The success
of chunking suggests designing systems that can incrementally
construct a process model from a large process description, rather
than requiring users to chunk the input themselves, thereby re-
ducing users’ cognitive load and improving outcomes. This could
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include staged information prompts, piece-by-piece building with
intermediate validation, and state visualization.

Proactive Clarification. Future systems should detect input
ambiguities and ask clarifying questions before generating output.

Convention Configuration. Organizational conventions ne-
cessitate customization capabilities for professional deployment.
Systems should encode conventions, validate outputs against them,
and learn from existing process portfolios.

Confidence Communication. Given reliability concerns, sys-
tems should communicate output confidence, highlight uncertain-
ties or likely errors, and direct review to problematic elements. This
transparency supports appropriate trust calibration [17].

Latency Management. Response time concerns suggest the
need for progress indication during generation, streaming output
where feasible, and interaction design that accommodates process-
ing delays without disrupting cognitive flow.

6.2 Limitations

Several limitations constrain our findings’ generalizability. The
small (n = 5), single-organization expert sample limits applicability
to novices and other contexts. Moreover, our expert focus limits con-
clusions about democratization potential. The evaluation captured a
snapshot of an evolving system, in which technical limitations (e.g.,
missing lanes) have since been addressed. Prior chatbot experience
may have shaped participant expectations differently than for first-
time users. Also, the workshop format may not reflect extended
use patterns. Despite these, our qualitative insights complement
automated evaluations and inform larger, more diverse studies.

7 Conclusion

We conducted a mixed methods evaluation of our LLM-based con-
versational BPMN modeling system, with five domain experts us-
ing a focus group workshop and questionnaires. Our quantitative
analysis revealed a usability trust gap: although usability scores ap-
proached established benchmarks, trust in output reliability lagged,
with reliability emerging as the primary concern. The qualitative
analysis identified seven key themes in experts’ experiences, in-
cluding the prompting paradox (knowing the tool’s function but
not its effective use), output quality issues, particularly for long
textual descriptions, and an absent clarifying dialogue. Participants
envisioned use cases, including initial drafts for domain experts,
quality assurance of existing models, and image-to-BPMN support.

Our work shows that human-centered evaluation reveals criti-
cal LLM toolaspects of LLM tool quality, such as trust calibration,
interaction challenges, coping strategies, and alignment with pro-
fessional practice automated benchmarks. Therefore, we argue, that
a comprehensive evaluation must consist of an automated technical
assessment combined with a human-centered practical investiga-
tion. Understanding experts’ experiences, trust, and adaptation is
essential for practical adoption, as these tools are intended for use
in professional domains.
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