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Abstract
Large language models (LLMs) are increasingly used to address real-world design problems,
especially during the design ideation phase. Although LLMs hold substantial promise for
concept generation, the understanding of how they can effectively assist designers in enhancing
the diversity of design concepts is still limited. In this study, we set up different strategies for
promptingmultiple professional personas to the LLM for design concept generation, including
(1) multiple prompts for concept generation in parallel, each with a professional persona, (2) a
single prompt for concept generationwithmultiple professional personas, and (3) a sequence of
prompts for concept generation and update, each with a professional persona. We formulate
and test several hypotheses on the effectiveness of different strategies. All hypotheses are tested
by constructing professional knowledge bases, selecting design problems and personas, and
designing the prompts. The results suggest that LLMs can facilitate the design ideation process
and provide more diverse design concepts when they are given multiple prompts in parallel,
each with a professional persona, or given a sequence of prompts with multiple professional
personas to generate and update design concepts gradually.

Keywords: conceptual design, idea generation, large languagemodels, prompt engineering,
design ideation

1. Introduction
Design ideation is a creative stage in the design process where designers gather with
openminds to produce various solution concepts to address design problems. This
process aims for designers to extensively explore the design space, which is the
space of all possible design concepts (Daly et al. 2016). The effectiveness of this
process relies significantly on the knowledge, experience and creativity of human
designers. However, these same factors can also limit their ability to thoroughly
explore the design space. Various methods have been developed to aid designers in
generating concepts during the ideation phase (Osborn 1957; Daly et al. 2011;
Álvarez & Ritchey 2015).

As large language models (LLMs) such as ChatGPT have evolved, several
researchers have explored their potential to enhance the creativity of human
designers (Filippi 2023; Girotra et al. 2023; Wang et al. 2023; Zhu & Luo 2023).
These studies primarily focus on how LLMs can improve the efficiency of gener-
ating design concepts, while their impact on the diversity of generated concepts
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remains underexplored. We have previously conducted preliminary research on
how ChatGPT can be prompted with a professional persona to increase the
diversity of generated design concepts (Feng, Hélie & Panchal 2024). Building
on that work, this study addresses the following research question:

How can LLMs be prompted to maximize the diversity of design concepts generated
during the design ideation process?

To answer this question, we formulate a central hypothesis and sub-hypotheses:

Central hypothesis:

For a design concept generation problem, an LLM provides more diverse design
concepts when it is prompted with multiple professional personas using a sequential
prompting strategy compared to (1) a parallel prompting strategy and (2) a collective
prompting strategy.

Sub-hypotheses:

1a. Design concepts generated by LLMs operating with a virtual professional persona
cover professional concepts that are semantically more aligned with concepts from the
knowledge base of this persona.

1b. Topics in a professional knowledge base are semantically more aligned with topics
within the same knowledge base, as compared to topics from other knowledge bases.

2. For some design concepts generated by an LLM prompted with some professional
persona, a more diverse set of design concepts can be generated by prompting the LLM
with a new professional persona to update these concepts.

3a. LLMs generate more diverse concepts when prompted with multiple personas using
the parallel prompting strategy, compared to providing prompts without specifying any
persona.

3b. Given multiple professional personas, LLMs generate more diverse design concepts
when these personas are provided using the sequential prompting strategy, compared to
the collective prompting strategy.

3c. Given multiple professional personas, LLMs generate more diverse design concepts
when these personas are provided using the sequential prompting strategy, compared to
the parallel prompting strategy.

The overview of the paper is as follows. First, a concise background of existing
studies on design ideation, LLMs and design representations is presented. Second,
the methods applied in this study are introduced, including (1) knowledge base
construction, (2) design problem and professional persona selection and
(3) prompting technique and strategy design. Third, each sub-hypothesis defined
above is tested across seven design ideation problems using five different profes-
sional personas from various fields, and the results are discussed. Finally, the paper
concludes by discussing the findings and their implications for engineering design.

2. Background
This section provides an overview of the study’s relevant topics and reviews
the existing literature. The discussion covers existing design ideation techniques,
LLMs and their application to design ideation problems and design representations.
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2.1. Design ideation

2.1.1. Traditional design ideation techniques and limitations
Design ideation consists of generating, developing and communicating ideas
where an “idea” refers to a fundamental unit of thought that can take visual,
tangible or abstract forms (Jonson 2005). According to Tschimmel (2012), there
are usually two stages in a design activity: divergence and convergence. Designers
can benefit from the diversity of ideas generated in the divergence stage to
converge into more innovative design concepts. Different methods have been
developed to support designers in generating solutions, such as brainstorming
(Osborn 1957), morphological analysis (Álvarez & Ritchey 2015) and design
heuristics (Daly et al. 2011).

Previous work has shown that the effectiveness of these methods depends on
the creativity of human designers and can be restricted by a range of factors. For
example, cognitive biases affect designers’ behavior in information interpret-
ation, decision-making and reasoning (Hewstone, Rubin & Willis 2003; Boysen
&Vogel 2009; Plews-Ogan et al. 2020). As a result, designers tend to favor certain
design ideas while dismissing others (Agyemang, Andreae & McComb 2023).
Groupthink is another factor that can restrict human creativity in the design
ideation process, which was introduced by Janis (1982) as “a group where loyalty
requires eachmember to avoid raising controversial issues.”This is the combined
result of unconscious preferences for minimizing cognitive effort and a subcon-
scious inclination to avoid social resistance, which can lead to low-quality
decisions and hinder the group’s ability to explore a broader range of alternatives
(Fox 2019; Akhmad, Chang & Deguchi 2021).

2.1.2. Multidisciplinary collaboration in design ideation
Given the cognitive and social constraints in traditional ideation methods,
multidisciplinary collaboration has emerged as a valuable approach to overcom-
ing such limitations and enriching the design process. According to Adams et al.
(2009), multidisciplinary practice refers to the process of designers “joining
together of disciplines to work on common problems and splitting apart when
work is done.” Kleinsmann et al. (2012) also noted that collaboration requires
crossing knowledge boundaries, emphasizing synthesis of practices and shared
understanding.

In order to effectively boost multidisciplinary collaboration in design, several
methods and strategies have been developed to support the communication and
integration of diverse knowledge throughout this process. VanHelden et al. (2023)
found that clearly defined rules for collaboration, division of labor and shared
objectives significantly enhance collaborative effectiveness in student design teams.
Several studies have also focused on how linguistic and cultural differences in
communication among multidisciplinary design teams can influence team per-
formance during collaborative design tasks (Jutraz & Zupancic 2014; D’Souza &
Dastmalchi 2017).

In general, design teamsmade up of members from different disciplines tend to
generate more diverse and creative design solutions, as designers bring different
perspectives to the problem-solving process (Agogué et al. 2014; Gero, Yu &Wells
2019).
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2.2. Large language models (LLMs)

LLMs, such as BERT (Devlin et al. 2019), Llama (Touvron et al. 2023), ChatGPT
(Radford et al. 2018) and Gemini (Anil et al. 2023), have been increasingly popular
in recent years. Thesemodels produce language that closelymimics writing created
by humans since they are trained on extensive textual datasets, which enables them
to answer questions and carry out a wide range of linguistic tasks (Kasneci et al.
2023). Higher performance in these tasks can be attained by applying fine-tuning
approaches on smaller task-specific datasets (Wang et al. 2023). The state-of-the-
art models outperform previous artificial intelligence (AI) models in general
intelligence, effectively taking on novel and complex tasks such as machine vision,
creative writing, coding and problem-solving in mathematics (Bubeck et al. 2023).

Among LLMs, the Generative Pre-training Transformer (GPT) has been
iteratively improved from GPT-1 to GPT-5 (current at the time of this writing).
Based on the transformer architecture, a GPT is trained using unsupervised
learning methods on large text datasets. ChatGPT is a chatbot based on the GPT
architecture. It is a potent tool with a wide range of applications across multiple
areas (Liebrenz et al. 2023; McGee 2023; Thorp 2023; Wu et al. 2023).

2.2.1. LLM-assisted design
To tackle the limitations of human designer-based design techniques introduced in
Section 2.1, various studies tested the feasibility of using LLMs in design tasks. For
example, Zhu & Luo (2023) show that these models with certain customizations
could generate verbal design concepts with a reasonable level of competence, while
Wang et al. (2023) propose a prompt-guided method inspired by the function–
behavior–structure model to progressively generate design ideas.

With the rapid development of LLMs, recent research has focused on integrat-
ing these models into various aspects of the design process. First, multiple studies
have tested the capacity of LLMs to handle information and knowledge, from
extracting and comprehending technical information from engineering documen-
tation (Doris et al. 2024), to utilizing external knowledge to inform the design
process (Han &Moghaddam 2024; Li, Ko &Ameri 2025). Second, multiple studies
have focused on how LLMs can influence cognitive processes and education in
design thinking (Agarwal, Jablokow &McComb 2024; Jiang, Huang & Shen 2024;
Zhang, Zhao & Haddad 2024). Generally, these studies demonstrate that prompt-
ing LLMs with different cognitive styles can influence the feasibility and innova-
tiveness of generated solutions, thereby enhancing design fluency, particularly for
novice designers. Finally, LLMs have also been utilized to automate or support key
aspects of the detailed design process, such as material selection (Grandi et al.
2025), requirements elicitation (Ataei et al. 2024), computer-aided design (CAD)
object generation (Li, Sun & Sha 2025), engineering requirements tasks (Norheim
et al. 2024) and additive manufacturing (Xie et al. 2025).

Researchers have also explored the performance of LLMs in the concept
generation and ideation process. An early study by Ma et al. (2023) assessed the
proficiency of LLMs in generating conceptual designs and contrasted the design
ideas produced with crowd-sourced design concepts. The authors found that while
LLMs can make more feasible and valuable design ideas, they are less novel and
diverse. Their subsequent study tested the impact of parameter tuning and prompt
variations on the diversity of design concepts generated by LLMs (Ma et al. 2025).
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This study showed that there is no clear pattern between the parameters and
concept diversity, and concept diversity is also highly responsive to the structure of
the prompts provided. Chen et al. (2024) integrated LLMs with concept–know-
ledge (C-K) theory to support interdisciplinary knowledge retrieval and structured
concept generation, demonstrating improved innovation and feasibility in design
outcomes. Naghavi, Wang & Xu (2024) combined deep generative models with
LLMs to reconstruct and generate porous metamaterial units, showing the poten-
tial of LLMs for advanced design representation and ideation. Given these results,
introducing the concept of multidisciplinary collaboration into the LLM-assisted
design process could potentially be beneficial in generating diverse and innovative
design concepts.

2.2.2. Prompt engineering
For a language model, the prompt is the user-provided input that guides the
model’s output. The study of prompt engineering aims to create the best possible
prompt inputs so that LLMs can produce the necessary (accurate or novel)
responses. To effectively execute the specific tasks discussed in this study, it is
essential to design prompts for LLMs that consider existing prompt engineering
techniques.

Amatriain (2024) provided several pointers and strategies for the prompt
design process, such as “encouraging the model to be factual,” “explicitly ending
the prompt instructions,” and “being forceful.” Based on these instructions, more
sophisticated methods for creating a prompt or set of prompts have been tried and
documented. Wang, Moazeni & Klabjan (2025) proposed a Bayesian optimal
learning framework for automated prompt engineering in LLMs, using a know-
ledge–gradient policy to efficiently discover high-performing prompts under
limited evaluation budgets. Cheng et al. (2024) proposed amodel-adaptive prompt
optimization (MAPO) approach that adapts different LLMs using model-friendly
prompts to enhance their capabilities across various downstream tasks. Yuksek-
gonul et al. (2024) introduced the TEXTGRAD framework, which enables auto-
matic optimization of components in AI systems by backpropagating natural
language feedback from LLMs based on a user-defined objective.

Specifically, various studies have examined how including personas in the
prompts provided to LLMs can impact their performance in general tasks. These
studies have led to different conclusions. Hu & Collier (2024) and Zheng et al.
(2024) demonstrated that incorporating personas in prompts has minimal impact
on the performance of LLMs in natural language processing (NLP)-related tasks.
However, Luz de Araujo & Roth (2025) found that LLMs prompted with personas
show greater variability in their responses to both objective and subjective tasks. It
is worth noting that these studies have primarily focused on the impact of LLMs
prompted by personas inNLP and question-answering tasks, while their impact on
design-related problems remains underexplored.

2.3. Design representations

Representing design concepts is crucial for the design process. In addition to
providing a strategy for efficient and systematic analysis and comparison of various
design concepts, it also assists in determining the efficacy of different ideation
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processes (Cash & Maier 2021). Over the years, various frameworks and method-
ologies have been developed to represent design concepts, which are utilized in
different domains for diverse objectives. First, a design can be represented as a
semantic network based on design descriptions in textual form (Sarica, Han & Luo
2023). This representation provides designers with insights into complex infor-
mation in design concepts by utilizing an existing knowledge base to extract entities
and relations from a textual design description. Furthermore, parametric design is
an approach that defines a design concept using parameters that represent different
attributes of the design concept, and the simple modification or optimization of
each design is achieved through parameter changes (Monedero 2000). Parametric
design is widely applied in areas such as CAD. Lastly, feature-based modeling
attempts to illustrate how changes to each input feature impact the design as a
whole by representing designs according to their features (Bhatt, Weller & Moura
2020). This method works especially well for engineering, production and assem-
bly activities.

3. Methods
The approach adopted in this study aims to test how an LLM can be prompted to
increase the diversity of design concepts it generates. In this approach, an LLM is
first prompted withmultiple professional personas to generate a set of concepts for
a specific design problem. Different strategies for the prompting process are tested
in this study, which are discussed later in this section. In each strategy, the same
LLM is also prompted to summarize the design concepts generated into multiple
professional terms. These terms are embedded within a space of professional
knowledge bases to test their alignment with existing professional topics, and
the diversity of a set of terms is also analyzed to assess the diversity of design
concepts generated.

The specific steps include constructing professional knowledge bases, selecting
design problems and professional personas, and designing prompting techniques
and strategies. These steps are discussed in further detail in the following sections.

3.1. Knowledge base construction

In this paper, the knowledge base associated with a domain refers to the set of
primary topics with which a typical expert within that domain would be familiar.
For example, a trained mechanical engineer would be familiar with topics such as
solid mechanics, fluid mechanics, machine design and heat transfer. In contrast, a
trained computer scientist would be more familiar with topics such as AI, algo-
rithm structures and human–computer interactions. These higher-level topics can
be further decomposed into more specific topics such as the first law of thermo-
dynamics, entropy and thermodynamic cycles for the mechanical engineering
(ME) knowledge base, or NLP, search algorithms and user experience design for
the computer science (CS) knowledge base.

In this study, knowledge bases were built for the following five disciplines: ME,
chemical engineering (CHE), CS, biology (BIOL) and psychology (PSY), which
correspond to the five professional personas selected for the prompting process.
For each knowledge base, the following two-stage procedure was adopted to collect
the topics: (1) core course collection and (2) topic extraction and preprocessing.
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In the first step, the key courses for each field of study were determined by
reviewing the curriculum of the associated undergraduate program. The courses
selected were directly relevant to the specific topics within each major, so founda-
tional courses such as calculus and physics were excluded. The selected courses
ensured that a wide range of professional concepts was represented within each
domain. In total, 45 courses were gathered across the five domains.

Subsequently, a standard textbook was acquired for each core course, and the
table of contents from each textbook was used for topic extraction. Notably, the
themes presented in the table of contents were chosen because they were more
concise than other sources for extracting course topics, such as the course descrip-
tion or learning outcomes. Next, the topics for each course were extracted from the
table of contents. The raw text data for the topics were cleaned up after this process.
Headers such as “Introduction,” “Summary,” “Exercises” and “Overview,” which
have general or ambiguous definitions, were excluded. All of the topics were
transformed to lowercase because the text embedding API from OpenAI
(Radford et al. 2023) used in this study is case-sensitive, except for proper nouns
and acronyms, such as “SI units” and “DNA.” The creation of the knowledge base
for this study was completed after the data-cleaning procedures. This knowledge
base, divided into five separate domain-specific knowledge bases, comprises a total
of 4469 topics. Table 1 provides a summary of the knowledge base.

3.2 Design problems and selection of professional personas

A set of criteria was used to select the design problems that are tested in this study
from the design research literature. To encourage design ideas from designers with
diverse professional backgrounds, the problem should first encompass a range of
professional fields. Second, the problem statement should not contain any par-
ticular design restrictions that would prevent the generation of creative design
concepts. Third, every design issue needs to be summarized into a single sentence
to fit into the prompt provided to an LLM using a predetermined format.

The design ideation problems tested in this study weremodified from the study
by Goucher-Lambert & Cagan (2019) based on the criteria introduced above.
These problems originated in earlier design literature and were all modified
according to the same specifications for our investigation. An overview of the
design ideation problems employed in this paper is provided in Table 2. As
indicated in the previous section, five professional personas, namely mechanical

Table 1. Summary of the knowledge base across five professional domains

Domain Number of courses Number of topics

Mechanical engineering 10 1705

Chemical engineering 10 1116

Computer science 6 795

Biology 9 399

Psychology 10 454

Total 45 4469
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engineer, chemical engineer, computer scientist, biologist and psychologist, were
selected. These professional personas were chosen for two reasons: (a) they
spanned a wide range of domains of study, from engineering to science and social
science, and (b) they were in alignment with some undergraduate majors that are
commonly offered in colleges.

3.3. Prompting techniques

3.3.1. Prompting with a single professional persona for design concept
generation
This section introduces how LLMs were prompted with a professional persona to
generate design concepts for a design problem. In this process, the design problem
is provided to an LLM with a professional persona specified using the following
prompt:

Prompt 1:

“I would like you to generate {num_solutions} different designs or solutions for
{design_problem} using the knowledge base of a {profession}.

For each design concept, please provide a long paragraph of detailed technical descrip-
tion about how this design can be built and the specific professional concepts included
in this design.”

When prompted to the LLM, “{num_solutions}” specifies the number
of design concepts the LLM is expected to generate and “{design_problem}”
is replaced by the problem string listed in Table 2 to specify the design problem.
The “{profession}” part is replaced with one of the following strings to specify
the professional persona LLM is asked to generate design concepts in: “mech-
anical engineer,” “chemical engineer,” “computer scientist,” “biologist” and
“psychologist.”

With this prompt, a set of design concepts for the specified design problem is
generated by the LLM with the specified professional persona.

Table 2. Design problems used in this study

Problem
No. Problem description

1 A lightweight exercise device that can be used while traveling.

2 A device that can collect energy from human motion.

3 A device that disperses a light coating of a powdered substance over
a surface.

4 A device that allows people to get a book that is out of reach.

5 An innovative product to froth milk.

6 A way to minimize accidents from people walking and texting on a
cell phone.

7 A way to make drinking fountains accessible for all people.
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3.3.2. Prompting with multiple professional personas for design concept
generation
The following prompt was provided to an LLM to generate design concepts based
on multiple professional personas through a single prompt:

Prompt 2:

“I would like you to generate {num_solutions} different designs or solutions for
{design_problem} using the combined knowledge base of {professions}.

For each design concept, please provide a long paragraph of detailed technical descrip-
tion about how this design can be built and the specific professional concepts included
in this design.”

This prompt is similar to the prompt defined for a single professional persona,
with the only difference being that the “{professions}” part in the sentence above
is replaced with the combined strings of the professional personas. The personas
are separated using commas, such as “mechanical engineer, chemical engineer,
computer scientist.” Using this prompt, a set of design concepts for the given
design problem is generated by the LLM with the combination of specified
personas.

3.3.3. Prompting with professional persona for design concept update
In the design ideation process, a new set of design concepts can be generated by
updating an existing set of design concepts using the knowledge base of a new
professional persona. This process is achieved by providing the following prompt
to an LLM:

Prompt 3:

“Listed below are some design concepts for {design_problem}.

{design_solutions}

I would like you to generate {num_solutions} new designs or solutions for the same
design problem by using the knowledge base of a {profession} to integrate or complete
each of the design concepts generated above.

For each new design concept, please provide a long paragraph of detailed technical
description about how this design can be built and the specific professional concepts
included in this design.”

In this prompt, “{design_problem},” “{num_solutions}” and “{profession}”
share the same meaning as in the first prompt. Also, the “{design_solutions}” part
is replaced by the string of design concepts to be updated in this step. Using the
prompt, a new set of design concepts is generated by applying the expertise of a new
persona to update an existing set of design concepts.

3.3.4. Prompting for design concept summarization
The LLM-generated design concepts were summarized into a set of professional
terms, and the alignments between these terms and topics from professional
knowledge bases were evaluated to assess how professional knowledge in differ-
ent fields is utilized in the LLM-generated design concepts. This process is
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achieved by providing the following prompt to the same LLM used for design
concept generation:

Prompt 4:

“Listed below are {num_solutions} design concepts for {design_problem}:

{design_solutions}

I would like you to summarize each design concept into {num_terms} professional
terms strictly in the format of the following example:

Name: design concept.

Professional Terms: term 1; term 2; term 3; …”

In this prompt, the “{num_solutions}” part specifies the number of design
concepts to be summarized with this prompt; the “{design_problem}” part speci-
fies the original design problem these design concepts correspond to; the
“{design_solutions}” part is replaced by the string of design concepts to be
summarized with this prompt; and the “{num_terms}” part specifies the number
of professional terms each design concept is summarized into. With this prompt,
the LLM is also instructed to formulate its output in the defined format, so that the
terms it provides can be easily extracted later.

With this prompt, the design concepts are summarized into a set of professional
terms that represent the professional knowledge involved.

3.4. Prompting strategies

This study adopts three different strategies to prompt LLMs with multiple profes-
sional personas for design concept generation: parallel prompting, collective
prompting and sequential prompting. These correspond to the strategies defined
in Hypothesis 3, and each strategy is implemented by applying the prompting
techniques described above.

3.4.1. Parallel prompting
Parallel prompting refers to independently providing multiple prompts, each
with a professional persona, to an LLM to generate design concepts for a design
problem. As shown in Figure 1, the design problem is first presented independ-
ently to the LLM with different personas using Prompt 1 defined above, and
multiple sets of design concepts are generated corresponding to the provided
personas in this step. With this strategy, an LLM generates multiple sets of design
concepts for a design ideation problem, each corresponding to a professional
persona.

3.4.2. Collective prompting
In collective prompting, an LLM is provided with a single prompt that contains
multiple professional personas for generating design concepts. This process begins
with Prompt 2, as defined above, using the specified combination of personas. Only
one set of design concepts is generated at this step. With this strategy, an LLM
generates a single set of design concepts for a design ideation problem by com-
bining the knowledge bases of different personas.
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3.4.3. Sequential prompting
In sequential prompting, the LLM is provided with a sequence of prompts, each
with a professional persona, to generate design concepts by iteratively updating
existing design concepts. As shown in Figure 2, the LLM is first instructed to
generate a set of design concepts using Prompt 1 with the first persona in the
sequence. This set of design concepts is then provided to the same LLM with
Prompt 2, where the LLM is prompted to generate a new set of design concepts for
the same problem by updating the concepts provided using the knowledge base of
the second persona in sequence. Subsequently, this update process is repeated
using each of the remaining personas in the sequence, and a new set of design
concepts is generated in each step by updating the concepts generated from the last
step using the knowledge base of the persona specified in the current step. For a
sequence of n professional personas, n sets of design concepts are generated in this
process.

4. Experiments with design problems for the testing of
hypotheses

This section presents experiments with selected design problems aimed at testing
the hypotheses defined earlier in this article. Each hypothesis was tested using three
different LLMs: ChatGPT (GPT-4o), Gemini-1.5 flash and Llama-3.1-8B-Instruct.

Figure 1. Parallel prompting strategy.

Figure 2. Sequential prompting strategy.
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4.1. Evaluation of design concepts

Each design concept was represented by a set of related professional terms. The
assessment of design concepts relied on the semantic analysis of associated terms,
where semantic text analysis was achieved by numerically encoding each piece of
textual data as a vector within an embedding space (Mikolov et al. 2013). Textual
data were encoded into vectors using OpenAI’s “text-embedding-3-large” model,
which maps text strings into a 3072-dimensional space. These semantic represen-
tations enabled the evaluation of similarity between two phrase groups and the
analysis of the diversity of phrases within each group.

The semantic similarity of two phrases can be quantified by computing the
cosine similarity of their vector representations in the embedding space
(Rahutomo, Kitasuka & Aritsugi 2012). Table 3 provides an illustrative example
of the cosine similarities for some phrase pairs in the embedding space of OpenAI’s
“text-embedding-3-large”model. On this basis, the similarity between two groups
of phrases can be measured by calculating the average pairwise cosine similarity
between phrases in the first group and phrases in the second group.

The diversity of phrases within a group is calculated using the approach
introduced by Ahmed & Fuge (2018). This method involved constructing a
symmetric similarity matrix L for a collection of phrases S. Each element Li,j in
the matrix quantifies the similarity between two phrases i and jwithin S.A value of
Li,j ¼ 1 indicates identical phrases, while Li,j ¼ 0 denotes complete dissimilarity.
The overall diversity of the phrases in S is determined with this matrix using the
following equation:

Div Sð Þ¼ det LSð Þð Þ1=n: (1)

In this context, n denotes the number of phrases in set S. The approach assumes
that the determinant of matrix L serves as an estimate of the extent of the high-
dimensional space occupied by the vectors representing the phrases in S.A set with
higher diversity among its phrases is expected to occupy a larger portion of this
space, leading to a higher determinant value.

4.2. Experiments and evaluation metrics

This section provides a brief introduction to the experiments conducted to test
each hypothesis in this study, as well as the evaluation of the results for each
experiment.

Table 3. Cosine similarities for sample phrase pairs

Phrase 1 Phrase 2 Cosine similarity

cloud computing service financial risk assessment 0.138

cloud computing service renewable energy solutions 0.212

cloud computing service machine learning model 0.331

cloud computing service cloud infrastructure deployment 0.667
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Hypothesis 1a is on the alignment between design concepts generated by
the LLMs with a specific persona and different professional knowledge bases.
In contrast, Hypothesis 1b examines the difference between the semantic
alignment of topics within the same knowledge base and that of topics across
different knowledge bases. To test Hypothesis 1a, five sets of design concepts
were generated for each design problem using the parallel prompting strategy
with the five selected personas. A set of related professional terms then sum-
marizes each set of concepts. The similarity between a set of terms and each
professional knowledge base is measured using the group similarity metric
introduced above. The testing of Hypothesis 1b includes two steps. For topics
from the same knowledge base, semantic similarity is captured by the average
intragroup pairwise cosine similarity within these topics. In contrast, semantic
similarity between two different knowledge bases is represented using the group
similarity metric.

Hypothesis 2 assesses whether prompting LLMs to update an existing set of
design concepts with a professional persona can generate a more diverse set of
design concepts. In this experiment, an LLM is first prompted with one persona to
generate a set of design concepts, which are then revised under a different persona
to produce a new set of concepts. Each set of concepts is then summarized into a set
of professional terms, and the diversity of each set of terms is analyzed. Finally, the
diversity scores of both sets of terms are compared to capture the change in design
concept diversity through the update process.

Hypotheses 3a–3c are formulated to test the difference in the diversity of design
concepts generated by LLMs when prompted using different strategies, and two
strategies are compared explicitly in each hypothesis. In the experiment for each
hypothesis, two sets of design concepts are generated using the specified strategies,
and each set of concepts is summarized using related professional terms. The
diversity scores of both sets of terms are then calculated and compared to
demonstrate how the diversity of design concepts generated by the LLM differs
when prompted with different strategies.

4.3. Sample outputs by LLM

4.3.1. Sample design concept generation and summarization
To illustrate the process of LLM-assisted design concept generation, we provide a
sample design problem to ChatGPT (GPT-4o) using Prompt 1 with some profes-
sional personas to generate multiple sets of design concepts. Each set is then
provided back to ChatGPT (GPT-4o) with Prompt 4 and summarized in profes-
sional terms. In this case, the design problem provided is “an innovative product to
froth milk,” and Prompt 1 is modified accordingly as:

“I would like you to generate 5 different designs or solutions for an innovative product
to froth milk using the knowledge base of a {profession}.

For each design concept, please provide a long paragraph of detailed technical descrip-
tion about how this design can be built and the specific professional concepts included
in this design.”

The “{profession}” part in the prompt was replaced to specify the persona used
in this concept generation process. Each design concept generated at this step was
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then summarized into 10 professional terms by modifying Prompt 4 in the
following format:

“Listed below are 5 design concepts for an innovative product to froth milk:

{design_concepts}

I would like you to summarize each design concept into 10 professional terms strictly in
the format of the following example:

Name: design concept.

Professional Terms: term 1; term 2; term 3; …”

The “{design_concepts}” part in the prompt was replaced by the design concepts
generated by ChatGPT (GPT-4o) in the previous step. With these two prompts,
five design concepts are generated for the selected design problem using a specified
persona, and each design concept is summarized into five professional terms. For
illustration, the output design concepts and summarized terms using themechanical
engineer and psychologist personas are provided in Tables 4 and 5, respectively.

Table 4. Design concepts and summarized terms generated for the selected
problem using ChatGPT (GPT-4o) with the mechanical engineer persona

Concept no. Name Summarized terms

1 Electromagnetic Frother • electromagnetic induction
• eddy currents
• magnetically coupled impeller
• microcontroller control
• thermal dynamics

2 Ultrasonic Frother • ultrasonic transducer
• cavitation bubbles
• high-frequency vibrations
• sound insulation
• temperature sensor

3 Steam-Injection Frother • high-efficiency boiler
• thermally insulated tube
• steam wand
• pressure regulator
• thermostatic valve

4 Centrifugal Frother • centrifugal force
• high-speed motor
• frothing disk
• vortex motion
• protective casing

5 Aerator-Pump Frother • diaphragm pump
• aeration nozzle
• micro-holes
• miniature electric motor
• syncing microcontroller
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4.3.2. Sample design concepts generated by LLM using sequential prompting
strategy
This section provides some sample design concepts provided by ChatGPT
(GPT-4o) prompted using the sequential prompting strategy. Specifically, the
design problem selected for the generation process is also “an innovative product
to froth milk,” and the tested sequence is: “computer scientist ! biologist !
psychologist ! mechanical engineer ! chemical engineer.” The sequential
prompting process includes five steps, where the LLM is providedwith one persona
in each step. The LLM generates five design concepts in each step, and these
concepts are summarized into 25 professional terms, resulting in a total of
125 summarized terms across five design concepts. The generated design concepts
for the selected problem using the selected sequence are provided in Table 6.

According to Table 6, when prompted with the first persona in the sequence,
which is “computer scientist,” ChatGPT (GPT-4o) generates design concepts that
are related to the professional knowledge of a computer scientist, such as AI, IoT,
robotics, augmented reality and voice control. For each of the subsequent steps,
ChatGPT (GPT-4o) updates each existing design concept using the professional
knowledge of the persona prompted in the current step. For example, updating the

Table 5. Design concepts and summarized terms generated for the selected
problem using ChatGPT (GPT-4o) with the psychologist persona

Concept no. Name Summarized terms

1 Ergonomic Handheld Milk Frother • ergonomics
• vibration reduction
• sensory feedback
• non-slip grip
• comfort

2 Mindful Frothing Station • mindfulness
• ambient lighting
• minimal noise
• anxiety reduction
• calming sound

3 Social Connectivity Frother • Wi-Fi connectivity
• recipe sharing
• live broadcasting
• virtual interaction
• community building

4 Personalized Learning Frother • AI coaching
• real-time feedback
• performance tracking
• gamification
• skill enhancement

5 Memory-Infused Nostalgia Frother • customizable scents
• sensory experience
• aromatherapy
• nostalgic music
• positive mood
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design concept “AI-Assisted Frother” using the persona “biologist” leads to “Bio-
Inspired Frother,” and updating this concept using “psychologist,” “mechanical
engineer” and “chemical engineer” personas, respectively, provide the following
design concepts: “Cognitive AI Frother,” “Adaptive Gear-Controlled Cognitive AI
Frother” and “Nano-Emulsion AI Enhanced Frother.” Generally speaking, when
prompted with the sequential prompting strategy, ChatGPT (GPT-4o) is capable
of generating new design concepts and updating existing design concepts by
leveraging the professional knowledge of each persona in the sequence.

4.4. Hypothesis testing results

4.4.1. Results for Hypothesis 1a
Hypothesis 1a compares the semantic alignment between LLM-generated concepts
and professional knowledge bases. The results for all three LLMs are shown in
Table 7, where the results for each LLM are computed across all seven design
problems. In each matrix, each row corresponds to the persona provided to the

Table 6. Sample design concepts generated by ChatGPT (GPT-4o) using a selected sequence of
personas for the design problem “an innovative product to froth milk”

Step Persona Design concepts generated by ChatGPT (GPT-4o)

1 Computer scientist • AI-Assisted Frother
• IoT-Enabled Smart Frother
• Robotic Arm Frother
• Augmented Reality Froth Assister
• Voice-Controlled Cloud Frother

2 Biologist • Bio-Inspired AI Frother
• Eco-Friendly IoT Frother
• Biomechanical Frother
• Symbiotic AR Froth Assister
• Sensory-Driven Voice-Controlled Frother

3 Psychologist • Cognitive AI Frother
• Behaviorally-Inspired Eco-Friendly IoT Frother
• Experience-Oriented Biomechanical Frother
• Communal AR Froth Assister
• Emotionally Intelligent Sensory-Driven Voice-Controlled Frother

4 Mechanical
engineer

• Adaptive Gear-Controlled Cognitive AI Frother
• Renewable Energy-Powered Behaviorally-Inspired Eco-Friendly IoT
Frother

• Ergonomically Enhanced Experience-Oriented Biomechanical Frother
• Collaborative Modular Communal AR Froth Assister
• Emotionally Intelligent Sensory-Driven Hydraulic Voice-Controlled
Frother

5 Chemical engineer • Nano-Emulsion AI Enhanced Frother
• Bio-Catalytic Eco-Friendly IoT Frother
• Viscoelastic Material Ergonomic Frother
• Phase-Change Material Enhanced AR Froth Module
• Electrolyte-Infused Hydraulic System
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LLM in the concept generation process, while each column corresponds to the
professional knowledge base with which the generated concepts are compared. It is
observed that for a specific professional knowledge base, the concepts generated by
an LLM with the profession corresponding to that knowledge base yield a higher
average cosine similarity with the topics in this knowledge base, compared to
concepts generated by an LLMwith other professional personas. This suggests that
when operating with a virtual professional persona, an LLM can generate design
concepts that leverage more professional knowledge associated with this persona.

Figures 3 and 4 show the sample results of this alignment between ChatGPT
(GPT-4o)-generated design concepts for the design problem “an innovative prod-
uct to froth milk” and the five professional knowledge bases. Specifically, each
subfigure in Figure 3 shows the probability density of pairwise semantic alignments
between professional terms summarized from ChatGPT-generated concepts with
different professional personas and topics from a knowledge base, while each
subfigure in Figure 4 shows the cumulative distribution of the alignments. In
Figure 3, a distribution curve with a higher mean value represents a better
alignment of the ChatGPT (GPT-4o) response and the knowledge base. In con-
trast, a curve with a lower mean represents a lower alignment. However, in
Figure 4, a better alignment is represented by the curve that reaches its peak later
than others.

Table 7. Group similarity between LLM-generated concepts and professional
knowledge bases (results for Hypothesis 1a)
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(a) Mechanical engineering knowledge base

(c) Computer science knowledge base (d) Biology knowledge base

(e) Psychology knowledge base

(b) Chemical engineering knowledge base

Figure 3. Probability density functions of ChatGPT (GPT-4o)-generated sample design concepts for “an
innovative product to froth milk,” compared with different professional knowledge bases.
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(a) Mechanical engineering knowledge base (b) Chemical engineering knowledge base

(c) Computer science knowledge base (d) Biology knowledge base

(e) Psychology knowledge base

Figure 4. Cumulative density functions of ChatGPT (GPT-4o)-generated sample design concepts for “an
innovative product to froth milk,” compared with different professional knowledge bases.
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According to Figures 3 and 4, for topics within a specific professional
knowledge base, the design concepts generated by ChatGPT (GPT-4o) with
the corresponding professional persona have a dominantly higher average
similarity with these topics, as compared to concepts generated by ChatGPT
(GPT-4o) with other personas. This shows that ChatGPT (GPT-4o), when
prompted with a specific professional persona, is more capable of generating
design concepts by leveraging the topics from the corresponding knowledge
base than when prompted with other personas.

4.4.2. Results for Hypothesis 1b
Hypothesis 1b was tested by calculating the average intragroup pairwise cosine
similarity within each knowledge base and the group similarity between two
different knowledge bases. According to Table 8, values in diagonal cells are
generally higher than values in off-diagonal cells. This reflects that topics
within a professional knowledge base are semantically more aligned with topics
from the same knowledge base, as compared to topics from a different know-
ledge base. Thus, we can infer from this result that topics from different
knowledge bases are semantically diverse, which confirms Hypothesis 1b.

4.4.3. Results for Hypothesis 2
Hypothesis 2 evaluates how updating existing design concepts using an LLMwith
a professional persona would impact the diversity of design concepts. In this
experiment, the LLM first generates five sets of design concepts for a design
problem using the parallel prompting strategy with the five personas in this
study, namely Si, where i refers to the persona used for concept generation. Next,
each Si is updated using Prompt 3 with the other four personas, respectively, to
generate four new sets of design concepts, denoted as Si,j i≠ jð Þ, where j refers to
the persona used in the update process. Each of Si and Si,j is then summarized by
LLM using Prompt 4 into 50 related professional terms, and a diversity score is
calculated to reflect the semantic diversity of terms involved in each set, denoted
as Di and Di,j. Finally, each score Di,j is compared to the corresponding Di to
reflect the change in the diversity of LLM-generated design concepts throughout
the update process. This change is represented as a percentage change in each cell
of Table 9, where a positive entry denotes an increase in diversity, while a negative
entry denotes a decrease.

Table 9 presents the results for all three LLMs, where each cell shows the
percentage change between each Di,j and its corresponding Di. In this table,

Table 8. Group similarity between different professional knowledge bases
(results for Hypothesis 1b)

20/31

https://doi.org/10.1017/dsj.2025.10037 Published online by Cambridge University Press

https://doi.org/10.1017/dsj.2025.10037


the cells with a positive value are highlighted in pink, indicating an increase in the
diversity of design concepts. According to Table 9, updating existing design
concepts using Gemini-1.5 flash with a persona would yield design concepts with
increased diversity, while updating using ChatGPT (GPT-4o) or Llama-3.1-8B-
Instruct would lead to no significant increase in the diversity of design concepts.

4.4.4. Results for Hypothesis 3a
Hypothesis 3a compares the diversity of design concepts generated by an LLM
when it is (1) prompted with no professional persona and (2) prompted with
multiple professional personas using parallel prompting. Specifically, the LLM is
first prompted with no persona to generate 25 design concepts, and each concept is
then summarized into five professional terms, providing a total of 125 terms. On
the contrary, the same LLM is also prompted to generate five design concepts for
each of the five personas in this study using the parallel prompting strategy. Each
concept is summarized into five professional terms, providing a total of 25 design
concepts and 125 terms. A comparison of diversity for both sets of terms generated
by each LLM is listed in Figure 5. It is observed that for each LLM, the design
concepts generated when prompted in parallel withmultiple personas yield a better
diversity score than when prompted with no persona.

Table 9. Experiment results for Hypothesis 2

(a) ChatGPT (GPT-4o)

(b) Gemini-1.5 flash

(c) Llama-3.1-8B-Instruct
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4.4.5. Results for Hypotheses 3b and 3c
Hypotheses 3b and 3c compare the diversity of design concepts generated by an
LLMwhen promptedwith collective prompting, parallel prompting and sequential
prompting strategies, respectively. In this experiment, the LLM is prompted with
the five personas to generate 25 design concepts using each strategy defined above,
and each set of concepts is summarized into 125 professional terms. The diversity
score of each set of terms is then computed and compared. Notably, since different
sequences of personas can lead to various design concepts, five sequences are tested
for the sequential prompting strategy. Both the results of all sequences and the
sequence that leads to design concepts with the highest diversity score are recorded
in each experiment. The sequences tested in this study are:

Sequence 1: ME ! CHE ! CS ! BIOL ! PSY

Sequence 2: CHE ! CS ! BIOL ! PSY ! ME

Sequence 3: CS ! BIOL ! PSY ! ME ! CHE

Sequence 4: BIOL ! PSY ! ME ! CHE ! CS

Sequence 5: PSY ! ME ! CHE ! CS ! BIOL

The results of all strategies are shown in Figure 6, where each subfigure
represents the comparison using a different LLM. According to Figure 6, collective
prompting generates design concepts with the lowest diversity among the three
strategies. Moreover, for each LLM, parallel prompting overall provides design
concepts with a level of diversity similar to that of concepts generated using the
sequential prompting strategy with the “optimal” sequence of personas, where the
“optimal” sequence is obtained by picking the sequence that leads to the most
diverse design concepts out of all sequences tested.

Figure 5. Experiment results for Hypothesis 3a.
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4.4.6. Further analysis of sequential prompting strategy
For the sequential prompting strategy, one key aspect to explore is the underlying
mechanism by which it affects the diversity level of the design concepts generated.
To investigate this, we conduct further analysis of the concepts generated during
the sequential prompting process.

(a) ChatGPT (GPT-4o)

(b) Gemini-1.5 flash

(c) Llama-3.1-8B-Instruct

Figure 6. Experiment results for Hypotheses 3b and 3c.
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First, we aim to capture how the diversity of design concepts generated at each
step changes with the introduction of a new persona. For the five sequences of
personas and the same design problem defined in Section 4.4.5, we measure the
diversity score of the design concepts generated at each step of the sequential
prompting process. The results are shown in Figure 7. It is observed that for the
selected design problem, the diversity score of the design concepts generated at
each step of the sequential prompting process remains relatively stable, indicating
that introducing a new persona at each step does not significantly impact the
diversity level of the generated design concepts.

We also investigate how the LLM leverages different professional knowledge
bases throughout the sequential process, as reflected in the alignment between
the design concepts generated at each step of the sequential prompting process,
and each professional knowledge base. We use the five sequences of personas
and the same design problem as in the previous experiment to measure the
similarity (using the method introduced in Section 4.1) between the design
concepts generated at each step and each professional knowledge base. The
results are shown in Figure 8. This figure presents a comparison of all five
sequences tested in this study, where each entry in the table represents the
similarity between the design concepts generated at a specific step of the
sequence corresponding to the current table and a professional knowledge base.
Specifically, the boxed cells indicate the comparison between design concepts
generated using a persona and the professional knowledge base corresponding to
that persona. For example, Sequence 3 is CS ! BIOL ! PSY ! ME ! CHE.
At Step 1 in Sequence 3, the boxed cell represents the comparison between the
design concepts generated and the professional knowledge base of CS, the first
persona in this sequence.

Figure 7. Diversity scores of design concepts generated by ChatGPT (GPT-4o) at each step of the sequential
prompting process for the selected design problem.
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As shown in Figure 8, at each step of the sequential prompting process, the LLM
generates design concepts that are more similar to the professional knowledge base
of the persona provided at the current step, as compared to the professional
knowledge base of other personas. For example, for Sequence 3, the design
concepts generated at the first step are more aligned with the professional know-
ledge base of CS, compared to any of the subsequent steps. At Step 2, they align
more with BIOL, at Step 3 with PSY, and so on. Furthermore, the results also show
that for any of the later steps in the sequential prompting process, the design
concepts generated are not significantly aligned with the professional knowledge
base of previously used personas in the sequence. For example, the third persona
used in Sequence 3 is psychologist (PSY), with computer scientist (CS) and
biologist (BIOL) being the first two personas. However, according to the results
for Step 3 in the third table, the design concepts generated are more aligned with
the professional knowledge base of PSY, but not significantlymore aligned with the
professional knowledge bases of CS and BIOL. These results together indicate that,
when prompted with multiple personas using the sequential prompting strategy,

Figure 8. Group similarity between LLM-generated design concepts at each step of the sequential prompting
process and professional knowledge bases.
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LLM generates design concepts at each step using the professional knowledge base
of the persona of the current step alone, instead of integrating the professional
knowledge base of this persona with the design concepts generated at preceding
steps of the sequence.

The experiment results from Section 4.4.5 show that LLMs prompted with
sequential and parallel prompting strategies generate design concepts with similar
diversity scores. On this basis, we also explore how the diversity of design concepts
differs when the LLM is prompted using the sequential prompting strategy with
different sequences of professional personas. We again use the sequential prompt-
ing strategy with the same five sequences of personas as in the previous experiment
to prompt ChatGPT (GPT-4o) to generate design concepts for design Problems
1 and 5. The results are shown in Figure 9 and Table 10. Figure 9 shows the
distribution of diversity scores of design concepts generated by ChatGPT
(GPT-4o) using each sequence of personas for the selected design problems, while
the numerical results for mean and standard deviation of each distribution are
shown in Table 10.

It is observed that for the selected design problems, the design concepts
generated by ChatGPT (GPT-4o) share a similar level of diversity when prompted

Table 10. Mean and standard deviation of diversity scores of design concepts generated by ChatGPT
(GPT-4o) using different sequences of personas for selected design problems

Problem 1 Problem 5

Mean Standard deviation Mean Standard deviation

Sequence 1 0.536 0.025 0.537 0.021

Sequence 2 0.523 0.025 0.547 0.021

Sequence 3 0.526 0.018 0.532 0.023

Sequence 4 0.531 0.017 0.538 0.020

Sequence 5 0.516 0.021 0.525 0.024

Figure 9. Cumulative density functions of diversity scores of design concepts generated by ChatGPT
(GPT-4o) using different sequences of personas for selected design problems.
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with the five tested sequences of personas. Specifically, Sequence 1 yields the most
diverse design concepts for Problem 1, Sequence 2 yields the most diverse design
concepts for Problem 5, and Sequence 5 yields the least diverse design concepts for
both design problems.

5. Conclusion and future work
This paper provides insights into how the diversity of design concepts generated by
language models can be increased by prompting LLMs with virtual professional
personas. Specifically, multiple hypotheses are formulated to compare different
strategies for prompting LLMs with professional personas to generate design
concepts. The methods used to test the hypotheses include knowledge base
construction, selection of design problems and professional personas, and prompt
design. Among all the prompting strategies studied in this paper, the results reveal
that LLMs generate more diverse design concepts when prompted with the parallel
prompting strategy and the sequential prompting strategy (with the best sequence),
as compared to when prompted with the collective prompting strategy. We also
conduct further analysis on the sequential prompting strategy, and the results
reveal that (1) design concepts generated by an LLM share a similar level of
diversity when it is prompted with different sequences of personas; and
(2) LLM, when prompted with multiple personas using the sequential prompting
strategy, generates design concepts at each step mostly using the professional
knowledge base of the persona of the current step alone.

Using the strategies studied in this paper, designers can address the design
concept generation problems with professional topics from the combined know-
ledge base of multiple professional personas. By prompting LLMs using the two
strategies defined above, the diversity of design concepts generated can be
increased during the divergence stage of design, which is beneficial for designers
to yield more innovative design concepts.

This article lays the groundwork for further exploration of the application of
LLMs with professional personas in the design process. First, while this study
evaluates five personas using multiple sample sequences within a sequential
prompting strategy, future research could extend this approach to a broader range
of professional personas. Additionally, we used phrases such as “mechanical
engineer” to define a persona. In the future, richer descriptions could be developed
by incorporating more detailed attributes – such as specific knowledge and
expertise in a professional domain, and their associated cognitive styles – to create
more nuanced personas. Finally, human studies could be conducted to investigate
how these persona-based strategies influence the creativity and diversity of ideas
generated by human designers during the ideation process.
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