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Abstract: The article proposes simulating stakeholder workshops in product development using
persona-based generative-Al agents. It argues that real workshops are hard to coordinate and that early-
stage concept creation could benefit from a scalable, repeatable alternative. The approach instantiates
multiple persona-driven agents representing distinct stakeholder roles (e.g., user, designer, safety
engineer, and cost analyst) within an agent-based simulation framework (TinyTroupe). Agents are
guided through a structured workshop workflow: setup, document review, idea generation, detailed
recommendations, trade-off reasoning, and prioritization. During the process, agents can ask targeted
questions to a human facilitator, and the answers can be stored in a shared knowledge base to improve
consistency across rounds. A demonstration on an educational SCARA robot kit shows how to produce
ranked improvement recommendations and synthesize different stakeholder perspectives into a
consolidated outcome. The paper generalizes the workflow into a concept model and identifies key
research gaps: generating empirically grounded personas, measuring how persona traits influence
outcomes, maintaining persona consistency over long dialogues, validating outputs against human
baselines, and scaling to richer product representations and tool access (e.g., structured product models
and engineering artifacts). It also notes limited generalizability because the evaluation covers only one
scenario and lacks systematic quality metrics.

Keywords:
Generative Al, Personas, Stakeholder Simulation, Product Development, Multi-Agent Systems

1 Introduction

Dialogue among stakeholders of complex products is essential for anticipating, reviewing, and resolving
problems. Involving stakeholders from the product lifecycle during product development activities is
costly and time-consuming. The involved persons need to invest their work time (employees) or personal
time (users) and might need to travel to a physical location to work on a specific task, for instance,
during a workshop or test session. A second issue is that persons, especially those with specific expertise
or rare characteristics, e.g., senior experts or members of a specific user group, may not be available for
an activity, which may cause delays or reduce the quality of the activity’s results.

One approach to address these issues is to simulate stakeholders [1,2]. Product development already
applies simulation techniques such as roleplaying with personas representing typical individuals within
a target group. If humans adopt a role like this, the quality of the results might improve [3,4], but
someone must still invest their time at a cost.

Recent research indicates that generative Al can create text to describe stakeholder personas and human
behavior [5,6]. Also, there are libraries for simulating interactions between generative Al personas (e.g.,
TinyTroupe, Concordia, and AgentSociety), but their applicability in product development remains

© 2026 The Authors. Published by the Universitatsbibliothek Paderborn
This is an open access publication under the CC BY license (https://creativecommons.org/licenses/by/4.0/).
International Symposium on Hybrid Intelligence in Product and Production Engineering, March 24-26 2026, Paderborn, Germany

21


https://creativecommons.org/licenses/by/4.0/

Wellsandt et al. / HIPPE 2026

unclear. If computer-based stakeholder simulation in product development is feasible, affordable, and
on par regarding results quality, it may have a substantial positive impact on costs and time, due to its
scalability.

The goal of this article is to present a concept for simulating stakeholders in a product development
environment with multiple generative Al personas. Our guiding research questions are as follows. Is the
simulation of a realistic product development activity technically feasible? What are the key
characteristics of related simulation experiments? Which open issues require deeper investigations?

Section 2 outlines the research problem, and Section 3 introduces the chosen methods and approaches.
The results in section 4 cover the technical setup and present important findings from the experiments,
which are generalized in a concept illustration. Section 5 discusses key aspects with respect to this
article’s goals and open issues. This article concludes by acknowledging the limitations and providing
an outlook.

2 Research Problem

Computer-based simulation of stakeholders in product development is not yet common, largely due to
the assumed effort required to train domain-specific probabilistic and rule-based Al models. Crowder et
al. [1] built a complex agent-based simulation for an engineering team that can exchange abstract
information to perform tasks and sub-tasks. Liu et al. [2] present a simulation for user engagement in
new product development with a high level of abstraction. Neither simulation covers how simulated
stakeholders actually contribute to an activity in terms of content.

Using pre-trained (generative) Al — such as ChatGPT, Claude, or DeepSeek — to simulate the concrete
contributions of a stakeholder can help address part of the problem outlined above. These software
systems can generate convincing content from user prompts. Prompts may contain task descriptions,
product outlines, persona profiles, and other useful information to consider in responses. A key challenge
for using pre-trained models effectively for this purpose and domain is that many activities involve
multiple stakeholders concurrently. Example activities are brainstorming, design review, and root-cause
analysis. This observation means that a simulation concept must also handle the interactions among
simulated stakeholders. There are simulation libraries that claim to be suitable; for instance, Microsoft’s
TinyTroupe project indicates it can simulate focus groups to assess product designs [7]. The academic
literature offers very limited insight into the applicability of computer-based multi-stakeholder
simulation in product development.

3 Methods and Approaches

This research is grounded in multi-agent frameworks supporting generative Al, such as TinyTroupe,
which provide basic functions for managing persona-driven agents, message exchange via
conversations, and data exchange with one or more language models. In this context, agents are software
with limited autonomy that can execute agent tools to interact with other software. These tools are
software functions with semantic descriptions that may, for instance, interact with a virtual product
model and return information for subsequent reasoning activities. We use a scenario to narrow our
research scope on a specific development activity, work environment, and product.

3.1 Scenario

Activity. We chose a product improvement task rather than a new product development task to reduce
the simulation’s complexity. Improvement requires substantially less information and time; such tasks
are also significantly more common in practice.
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Environment. The starting point for our simulation is a typical situation encountered in product
improvement. A group of experts needs to improve an existing product to better address user needs. The
group involves users directly, as suggested by user-driven design practices. The interaction format is a
workshop because it encourages the exchange and consolidation of understanding, opinions, needs, and
constraints. Such workshops are acknowledged in product development and allow participants to
interact, but typically do not enforce interactions.

The workshop has sequential phases, each with one specific objective to fulfill:
1. Intro: Share setup and scenario with participating agents
2. Document review: Agents review task-related documentation individually
3. Initial thoughts: Agents share initial improvement ideas
4. Specific recommendations: Agents identify detailed improvements
5. Cost-benefit analysis: Agents analyze cost, time, and manufacturability
6. Prioritization: Agents rank each improvement

These phases ensure the environment is rich and challenging, as they allow participants to prepare,
gradually detail their findings, quantify them, and mutually agree on a final result.

Product. The example product is a custom-made small SCARA robot arm built from 3D-printed plastic
parts and (standard) components, such as screws, nuts, bearings, tools, and electric drives. We used this
robot in educational settings where students must assemble the robot parts with support from a voice-
enabled, intelligent digital assistant. A 7-page manual is available that contains assembly instructions
and didactic/explanatory information on the purpose and use of tools and components. Figure /
illustrates the assembly with components and sub-assemblies.

Assembly A: Swing arm assembly with
320 mm drive belt and upper swing arm
Component B: Lower swing arm

A Component C: NEMA 17 stepper motor
Assembly D: Robot foot with linear guide
Component E: Upper mounting plate for
Component Z-axis motor
Component F: M8 screw cover

L M
B Component G: M8 Z-axis spindle
S Component H: M8 self-locking nut
\ Component I: M8x45 socket head screw

Component J: M3x12 flat head screw
Component K: Coupling

Tool L: 2 mm hex key

Tool M: 13 mm open-end wrench

Figure 1: Educational table-top robot assembly used as a scenario for the experiments

3.2 Simulation

The simulation approach relies on using an existing agent-based simulation library that supports
generative Al models. This library must provide basic facilities for persona management, agent creation
from personas, and communication with the Al model via a data exchange interface. Besides, it must
provide memory management across repeated interactions (but not experiment runs). The simulation
environment models the workshop above with multiple participants and specific roles. Each phase has
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a fixed number of simulation rounds, each of which provides an opportunity for agent reasoning and
interaction with other agents or a human. The agents decide to interact based on their reasoning.

In the following sections, we use “GenAl system” to refer to a system that generates text responses from
text input. It is not only a large language model (LLM) in the narrow sense, but a complex system of the
LLM and undisclosed pre- and post-processing steps in the case of commercial providers like OpenAl.

4 Results

The concept’s basis is a series of iterative experiments with Microsoft’s experimental TinyTroupe
simulation library for Python [8]. It leverages large language models (LLMs) and orchestrates agents
with configurable traits. Agents can interact in environments called “TinyWorlds”, engage in
conversations, receive broadcasts, and perform actions. The library enables product brainstorming, user
testing simulations, market research, and the generation of training data. Figure 2 illustrates the technical
experiment setup.

Prompt library | jo04 —»l
I .
TmyTroupe response OpenAl
Persona Environment & request API
definition [~ load —>
Jupyter Notebook + Generative
Scenario custom Python code Al system
definition [~ foad =
Data flow i read & write
[ System component Knowledge base
1 JsoN files .

Figure 2: Technical setup for experimenting with personas and generative Al agents

We implemented two custom human-in-the-loop processes. First, the user receives a prompt to provide
meaningful free-text input after each phase. This ensures a general intervention option for intermediate
results. Second, if an agent’s response includes a question for the facilitator (simulation user), the user
can provide an answer or skip it. Answered questions are broadcast and stored in a knowledge base that
is available across experiments. A custom token tracker helps understand simulation costs per
experiment and phase. We generated personas iteratively with the pretrained GenAl system Claude Opus
4.5 to avoid the substantial effort of hand-crafted, data-grounded persona design. The latter may yield
more accurate personas, but since our goal was to create a sound concept first, we opted for Al-supported
generation. The prompting was iterative, i.e., we refined the prompts based on intermediate persona
results. Our main goal for this activity was to design persona-generation prompts that result in a coherent
set of stakeholders. We assessed the coherence based on experience.

Personas contain a broad range of attributes, including demographics, occupation, education, goals,
personality traits, preferences, beliefs, and communication style. We experimented with a team of up to
seven agents selected from the persona pool in Table 1. The background summary outlines each persona,
but was not used in the experiments (instead, we used concrete attributes). We set the limit to seven
agents to balance persona variety and expected token costs. Identifying the technical limit was not a goal

Table 1: Persona pool

No. | Role Age | Gender | Background Summary
Vocational First-year vocational training student (Auszubildender) with basic
1 Training Student - 19 Male knowledge of hand tools and simple electronics. This is his first exposure to
Mechatronics robotics, and he’s excited but nervous about making mistakes.
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. . Fourth-year robotics engineering student with hands-on experience,
Engineering . . e . o
2 . 23 Female | including building several robot projects and a robot arm for a competition.
Student - Robotics . . . . .
Completed an internship at an industrial automation company.
Professor of Professor with 20 years of experience teaching robotics and automation.
3 Engineering 48 Male Designs curricula for vocational training programs and published research
Education on hands-on learning effectiveness.”
Educational Kit Designer with a Master’s in Industrial Design, specializing in design for
4 Desioner 36 Female | education. Designs educational robotics kits used by students across Europe,
g focusing on making technology accessible through thoughtful design.
. i i i aluating pr ts fi mplian
Safety and Quality Cc_artlﬁed safety engineer Wlth 20 years evaluating p oducts for compliance
5 . 45 Male with EN 71, machinery directives, and educational laboratory standards.
Engineer . . . . *
Dedicated to preventing harm through proper design and risk assessment.
Curriculum Curriculum developer specializing in robotics and automation training.
6 Developer - STEM | 38 Female | Created hands-on learning modules used in vocational schools and
Education universities across Germany.
Procurement and cost analyst for educational equipment. Optimizes budgets
Procurement and . LA .
7 Cost Analyst 41 Male for STEM education programs across multiple institutions, focusing on
Y maximizing educational value per euro spent.
* Note the unrealistic attributes for age (48, 45) with the “20 years of experience” occupation description. This is not a
typo, but an actual result of the persona generation process we did not realize during the experiment phase.

We ran all experiments using OpenAl’s gpt-4.1-mini model to limit token costs and response generation
time while maintaining reasonable response quality (we did not systematically investigate response
quality as outlined in Section 5). Team compositions are Minimal (#1, #3), Student Focus (#1, #2, #3),
Design Review (#3, #4, #5), Curriculum Alignment (#2, #3, #6), Budget Optimization (#3, #4, #7), and
Full (#1 to #7). We did not empty the knowledge base between experiments to test knowledge
accumulation. Token limits for input (e.g., conversation history and instructions) and output (response
length) remained the same. Each run concludes with a ranked list of recommendations, each with a
textual description of the suggested improvement and a statement and explanation of the expected
impacts on time, cost, and feasibility. Table 2 summarizes the experiment runs.

Table 2: Experiment run examples

No. | Team Rounds | Recommendations | Token Count Costs USD Duration
1 Minimal 11 8 796.826 0,35 00:10:02
2 Student Focus 16 6 907.913 0,39 00:13:03
3 Design Review 15 6 977.613 0,42 00:11:07
4 Design Review 22 7 949.899 0,41 00:08:27
5 Curriculum Alignment 16 4 988.671 0,43 00:10:12
6 Budget Optimization 18 2 920.025 0,40 00:08:53
7 Budget Optimization 11 9 923.078 0,40 00:09:40
8 Full 17 19 1.023.150 0,44 00:10:35
9 Full 22 9 1.126.857 0,49 00:11:56
10 Student Focus 11 3 1.677.528 0,73 00:20:02

Figure 3 presents contributions from the Document Review phase to outline the specificity and length
of the agents’ contributions. This example includes THINK and TALK messages (there are several others
in TinyTroupe). The former is an agent’s response to another agent’s input, and the latter is the message
meant for another agent. Agent contributions aim to meet the workshop instructions, for instance,
focusing on three specific components or processes from the assembly manual.
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Sarah Chen (SC) acts: [THINK]

for suggesting improvements while adhering strictly to workshop rules.

Reviewing the assembly documentation, I identified several specific
components and processes critical to the SCARA robot assembly. First,
the 'NEMA 17 stepper motor' is a key component used in the Z-axis
drive and coupling (Step 9 and 10). Second, the '320 mm drive belt' must
be properly seated on the tooth rim of the lower swing arm to ensure
correct motion transmission (Steps 3 and 4). Third, careful insertion of
linear bearings over linear guides is essential to avoid damage during
assembly (Step 8). These components are central to both mechanical
function and educational value. I will use this understanding as a basis

©
Dr. Marcus Weber (MW) acts: [THINK]
The three components and processes identified are indeed critical for the assembly
and educational value of the SCARA robot kit. The NEMA 17 stepper motor
installation (Step 9) involves precise orientation which is important for both
function and teaching electrical connections. The engagement of the 320 mm drive
belt on the lower swing arm tooth rim (Steps 3 and 4) is essential to demonstrate
mechanical power transmission principles. The careful sliding of linear bearings
over linear guides (Step 8) highlights precision in mechanical assembly, avoiding
damage, which also teaches students about tolerances and care in handling parts. I
should now respond acknowledging these points, emphasizing their educational
importance, safety considerations during these steps, and possibly suggest
improvements or clarifications if needed.

Sarah Chen acts: [TALK]

These are critical for both functional assembly and educational clarity.

Based on the assembly documentation, three specific components and
processes stand out: 1) The NEMA 17 stepper motor installation on the
upper mounting plate with precise orientation of electrical connections
(Step 9). 2) The placement and engagement of the 320 mm drive belt
onto the tooth rim of the lower swing arm to ensure proper motion
transfer (Steps 3 and 4). 3) The careful sliding of linear bearings over
linear guides to avoid misalignment or damage during insertion (Step 8).

Dr. Marcus Weber acts: [TALK]

The three components and processes you mentioned are indeed crucial for both the
functionality and educational value of the SCARA robot assembly. Specifically,
the precise installation of the NEMA 17 stepper motor on the upper mounting plate
(Step 9) teaches students about motor integration and electrical orientation. The
correct placement of the 320 mm drive belt onto the tooth rim of the lower swing
arm (Steps 3 and 4) effectively demonstrates mechanical power transmission
principles. Lastly, ensuring careful sliding of linear bearings over linear guides
(Step 8) highlights precision in mechanical assembly and emphasizes handling

care to avoid damage. These steps also present opportunities to reinforce safety

practices during assembly.
®

©

Figure 3: Example contributions between Designer [Sarah Chen] and Educational Expert [Marcus Weber]

Event order: SC [THINK] => SC [TALK] => send to MW => MW [THINK] => MW [TALK]

Figure 4 illustrates key parts of the simulation flow for experiment run #1 with summarized example
contributions. The horizontal arrows indicate that agent contributions are passed from agent to agent,
and subsequent responses build on a previous one. Vertical ones represent sequential phase execution.

Scenario Broadcast: Setup Documentation Broadcast:
SCARA Robot Educational Kit Assembly Plan
Budget: €120/kit | Target: 45-60min Bill of Materials & Safety
assembly Guidelines
v
Phase 1: Document Review | Please review the assembly documentation provided
Dr. Weber: Lukas:

'T've identified the NEMA 17 stepper
motor, M8x45 alignment screw in swing |—
arm, and linear bearing insertion as key

Ifrounds = 0,

review alone  —

'The swing arm assembly Step 5 looks
tricky - aligning upper and lower arms
while tightening the screw...'

areas...'
v
Phase 2: Initial Thoughts | What are your initial thoughts on improving this robot assembly process?
Dr. Weber: Lukas: Dr. Weber:
'From a pedagogical perspective, 'T'd worry about over-tightening screws 'Good point Lukas - we should also
the M8x45 alignment screw step teaches and damaging parts. Clear torque limits > consider assembly jigs to reduce

critical alignment concepts but lacks would help beginners like me!" alignment errors...'

torque guidance...'

L 2
Phase 4: Cost-Benefit Analysis | What are the cost, time, and manufacturability considerations for your improvements?

Dr. Weber:
'Linear bearing jigs: Moderate tooling
cost, reduces 25% bearing damage.
Educational value: precision mechanics.'

Lukas:
'PLA jig: Under €5 per kit using
existing 3D printer.
Saves 5-10 min assembly time.'

Dr. Weber:
'Torque guidance: Minimal cost
(calibrated tools reusable).
Saves 10-15 min rework per kit."

\
Figure 4: Conversation flow and summarized example content from an experiment with the Minimal team

Since the illustration above is specific to our setup, Figure 5 aims to generalize all experiment findings
into a concept. Each phase relates to one objective that the agents aim to fulfil with conversations
extending over one or more rounds. The last phase integrates previous results to generate a single final
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result, e.g., a ranked list of recommendations. A human facilitator may answer questions upon an agent’s
request or provide input at the end of each phase.

Configuration
Scenario definition Prompt library Persona definitions Technical parameters
Simulation environment 4 B
Phase 1 Phase m
Round 1 Round n

=

Question & answer Question & answer
Broadcast Broadcast

@ input @ input

Figure 5: Concept for simulating stakeholders with persona-based agents and generative Al

5 Discussion

This section outlines discussion topics that emerged from the experiments. These topics cover technical
aspects, design decisions for personas and scenarios, result quality, and scalability.

5.1  Technical setup

TinyTroupe is a good starting point for feasibility tests and pre-studies for the concept creation.
However, the library hasn’t received updates from Microsoft for several months, while other agent-
based simulations are actively being developed. Switching to another simulation library might provide
more functions and control over experiments. A second aspect of the setup is that it lacks a dedicated
product model, which could have a substantial positive impact on the simulation by organizing product
information for agents and allowing access to specific engineering information. Integrating it depends
on agent tools for accessing and managing the product model, for instance, to read a bill of materials.
Complex information like product geometry and physics-related simulation is already being integrated
into generative-Al systems via multimodal Retrieval Augmented Generation (RAG) and tool-augmented
CAD interfaces [9,10]. Its readiness and compatibility with agent-based simulation are unclear.

5.2 Persona design and behavior

Data-grounded personas. An accurate persona design should be grounded in acknowledged data about
the target stakeholders to reduce bias and minimize assumptions [11]. Examples include gender and age
distributions, country of residence, and typical educational background. The downside is that data must
be available and accessible to a human to hand-craft the persona traits, or to a software tool (e.g., a
GenAl system) to automatically generate a persona. Another aspect is that the more features the persona
has, the more relevant it is to check if features are dependent. If they are, generating a consistent persona
would benefit from grounding in data or at least specific reasoning or plausibility checks. For example,
a persona’s age and experience: a young persona with extensive experience might seem unrealistic in
many scenarios. Our experiments yielded no clear results [12] on whether the GenAl system used an
internal representation of these dependencies (e.g., in its training data) when generating the personas.
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However, Table 1 includes two controversial personas, where the age and experience stated in the
occupation description might raise plausibility questions (assuming that becoming a professor at 28
years is unlikely but not impossible).

Targeted persona design. Changes to persona traits have unknown consequences for the simulation
and its results. It is not yet clear whether the experiment designer can estimate the impact of persona
changes before running the experiment. Investigating this would likely require a deeper analysis of how
each specific GenAl model represents personas and their conversations (e.g., [13]). Such a research
activity is highly ambitious and would require tools to inspect a model’s internal working, which is
unlikely for commercial models from, for instance, OpenAl or Anthropic, and more likely for models
with open weights, like Qwen (Alibaba Cloud) or DeepSeek (DeepSeek Ltd.). On the positive side, the
uncertainty above may lead to interesting and highly desirable emergent situations that typically do not
occur in scenarios with humans, for instance, because their traits do not provide opportunities for such
emergent phenomena. Also, systematically running many simulations with edge-case traits may lead to
trait combinations that drive the conversation in entirely unexpected directions, revealing something that
accessible human participants could never conclude. Such results would be relevant when the number
of target stakeholders is high and diverse, while the pool of accessible human participants is small (e.g.,
due to budget constraints or missing contact).

Persona integrity for agents. GenAl systems used in persona-based role-playing, such as the simulated
workshop above, may respond in ways inconsistent with their persona [14]. This integrity was not
specifically investigated in the experiments, but it is a critical aspect of an authentic simulation. The
impact of inconsistencies on simulation results is unclear and requires further investigation, potentially
using new tools to examine GenAl system behavior.

5.3  Experiment design

Choosing simulated participants for an experiment is a key decision in the simulation. While the team
composition among the already-defined personas depends on the task and scenario, different teams are
likely to produce better or worse simulation results. As with the persona design and behavior, it is not
yet clear whether the impact of team composition on results can be reliably anticipated.

5.4 Result quality

We did not focus on the quality of the simulation results in this study, especially compared to human
stakeholders. Our observations and results indicate that the generated recommendations are concrete
and appear actionable (we did not implement them to verify). Further analysis of result quality could
leverage the generated explanations for each expected impact and seek human expert opinion (e.g.,
acceptable vs. unacceptable). Another option is for humans to create a validation dataset (gold standard
dataset) in which they, for instance, provide their own recommendations and explain the expected
impacts based on their expertise. This approach would require a comparative study where a human team
competes with a simulated team — a hybrid team could also provide useful insights, but requires a more
complex technical setup where agents can monitor human conversations and intervene.

Another aspect of result quality is that the generated recommendations are not the result of a logic-
driven process but rather a sequential refinement of a single final prompt sent to the GenAl system to
generate tokens representing recommendations. This is an inherent characteristic of the selected
simulation library.

Finally, quantitative values in the expected impact (e.g., 15% or 5 minutes less) are hard to verify
because the rationale is missing from the agent responses, and the experiment input intentionally does
not provide baselines. The agents sometimes asked the facilitator for such details, though. We observed
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this often when the agents were not strictly encouraged to rely on their role expertise — they asked for
details at almost every step, and we decided to modify the system prompt to avoid this.

5.5 Scalability

Technical factors: The simulation’s ability to work effectively across a wide range of development
workshop situations is a requirement for successful application and adoption in practice. We identified
two drivers of scalability: simulation time and costs. The concept has several parameters that influence
these drivers, such as the number of participating agents, the number of simulation rounds, the selected
GenAl system, and input and output token limits. Typically, more agents and rounds result in more API
calls to the model, driving the token count and related costs. Our results in Table 2 do not clearly
substantiate this pattern, especially because the experiment runs #1, #7, and #10 differ significantly,
even though they each have 11 rounds. We did not investigate these data points further. Another typical
assumption is that a GenAl system that generates responses of potentially higher quality typically takes
longer and costs more. Higher token limits for input and output increase time and costs; however, they
also influence the quality of the results, including reasoning quality and response length.

Non-technical factors: In addition to the technical parameters above, preparing accurate, data-grounded
personas will likely affect the time and cost of the simulation. This effort is probably a one-time
investment that would pay off the more simulations reused personas. There are already initiatives to
create persona databases to address this issue [15]. Also, the impact of assessing Al-based simulation
results (e.g., validation, review, and interpretation) may not scale if intense human involvement is
desired due to a lack of trust in the results or because it is required by law, compliance, or contracts.
Software tools for automated result assessments may increase the scalability to some extent, though.
Examples include validation against existing knowledge bases, standards, guidelines, or trusted
deterministic simulations.

6 Conclusion

The experiments and the related concept provide a first systematic investigation for using generative Al
and personas to simulate stakeholders in product development. While the initial results are a good
starting point, several limitations must be considered to better understand the merits of this concept.
First, this study covered only one scenario and one product, limiting the generalizability. Also, it doesn’t
cover product-services or product-related software, which are essential components of many complex
value offers and smart products. Second, the simulation does not allow iterations across phases, i.e.,
agents or the human facilitator cannot decide to repeat a phase and apply more refined information.
Third, the experiments could be more systematic in their use of the knowledge base, e.g., by cleaning
the database between steps to investigate how agents ask the facilitator questions. Fourth, there was no
systematic assessment of result quality because we had not yet identified adequate metrics and tools.
Fifth, the simulation lacks integrations with a formal product model concerning function, structure, and
behavior. Future integrations may cover other computer-based simulations along the product life cycle,
ranging from engineering simulations to simulated product usage. Addressing the above limitations
could lead to further automation of product development and shorter product lifecycles.
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