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ARTICLE INFO ABSTRACT

Recent advancements in large language models (LLMs) have the potential to revolutionise engineering design
practices. LLM-powered tools such as ChatGPT and DeepSeek have shown significant promise in enhancing vari-
ous aspects of engineering design. They leverage emergent data-driven technologies to deliver powerful capabili-
ties that challenge the long-held belief that generating new concepts and automating engineering design activities
are beyond the reach of artificial intelligence (AI). The capabilities demonstrated by these technologies are grad-
ually overcoming initial resistance and fostering a more receptive attitude towards their adoption. However, a
substantial gap remains between the generic capabilities of Al technologies and their specific application in engi-
neering design. This study aims to leverage a combination of AI technologies to support early-stage engineering
design activities. Specifically, we created a generative Markov chain model adjusted as a specific generative
model (SGM) to support the complex and time-consuming conceptual early-stage design activities. The SGM does
not require extensive and expensive data training like the generic LLM, but produces comparably more natural
concepts. The SGM used in this study effectively addresses the privacy concerns associated with generic LLMs.
This pioneering research on SGM is cost-effective and holds promise for applications beyond engineering design,
including fields such as medicine.

Keywords:

Al collaboration

Specific generative models
Concept generation
Early-stage design

1. Introduction This reveals a significant gap between the broad, generic capabil-

ities of LLMs (such as text generation, refinement, and image genera-

At the early stage of engineering design, design engineers engage in
conceptual activities crucial to the design project’s success. These ac-
tivities, which include conceptualising a new engineering design prob-
lem and solution, are known to be iterative, challenging, and time-
consuming [1-3]. Despite the importance and demanding nature of
early-stage engineering design activities, there is limited research specif-
ically supporting them with Al technologies. LLMs represent the state-of-
the-art in Al, with potential applications across various fields. They of-
fer various capabilities, including generative, text refinement, language
translation, and question answering capabilities [4]. The generative ca-
pabilities of LLMs make them particularly desirable in early-stage engi-
neering design, where success is defined by the creation of new and use-
ful concepts. However, specialised applications of LLMs are constrained
by their generic nature, substantial training resource demands, and pri-
vacy issues.

tion) and their practical application in addressing the unique challenges
of early-stage engineering design. For instance, LLMs excel at generat-
ing text-based outputs but often lack the domain-specific knowledge re-
quired to produce technically accurate engineering concepts, such as
novel mechanical designs or optimised product configuration concepts.
Additionally, their inability to seamlessly integrate engineering design
workflows limits their effectiveness in supporting iterative conceptual
design tasks [5,6]. Consequently, it is crucial to investigate specific gen-
erative models (SGMs) tailored for engineering design applications to
address the constraints of generic LLMs. Research on how design engi-
neers can collaborate with Al to enhance engineering design practices
is becoming increasingly important [7].

The concept of the SGM presented in this study represents a novel ap-
proach that harnesses the advanced generative capabilities of LLMs for
specialised applications within specific fields. This approach involves in-
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tegrating these capabilities with other computational or Al technologies,
offering significant advantages over the use of generic LLMs with lim-
ited specialised applications. As mentioned, LLMs are typically general-
purpose or multimodal [8], creating a notable gap in research focused
on Al models tailored to the specific needs of specialised domains. Users
are often compelled to adapt general-purpose LLMs, which are not op-
timised for particular fields or applications [9].

As a step towards SGMs in engineering design, this study aims to
leverage a combination of Al technologies to enhance conceptual ac-
tivities in early-stage engineering design. Across various fields, Al tech-
nologies are being explored for new applications to support challenging
tasks. It is suggested that the potential of these technologies could be
enhanced by combining them or reinforcing them with other technolo-
gies [10]. This study uses an adjusted generative Markov chain (GMC)
or Markovian model as an SGM to support the engineering design tex-
tual concept generation. The adjustment of the GMC model includes
text refinement with a generative pre-trained transformer (GPT) model
[11]. A GPT model is a deep learning LLM trained in advance for use
in various applications, so that the required training is not performed
from scratch for such applications [12,13]. A Markovian model, on the
other hand, is any model that exhibits a Markov chain property [14]. It
can be adjusted as a GMC model to generate a new text based on exam-
ple inputs and does not require extensive and expensive data training
and retraining like the LLM [15]. The GMC model had been tested in a
case study to successfully frame design problems, in which the solutions
were considered of societal relevance by experienced and novice design
engineers [15]. The case study results necessitated leveraging an LLM
capability to create an effective SGM to support early-stage engineering
design.

The next section reviews the early-stage design activities, including
challenges, benefits, and computational support. Section 3 presents the
SGM as a combination of a GMC model and text refinement features of
an LLM. The results of the SGM performance evaluation are presented in
Section 4, including its comparison to Copilot using ChatGPT, DeepSeek,
and Grok. The discussion in Section 5 is on the study results, including
how the SGM improves on privacy issues compared to LLMs. The con-
clusion of the study is given in Section 6.

2. Challenges and strategies in identifying engineering design
concepts

2.1. Challenges and benefits of new design concepts

An engineering design concept can be effectively expressed through
both text and images. A concise design brief or project title can describe
an engineering problem or solution textually, while images often illus-
trate or inspire potential solutions. Combining text and images ensures
comprehensive and inspirational support for new design concepts. Con-
ceptualising and identifying problems and solutions are distinct yet com-
plementary early-stage design cognitive activities, as the identification
of a problem triggers a solution-seeking process [16]. Identifying design
problems and ideas on how to solve them are challenging activities for
design engineers and engineering design firms [17]. Design engineers
are expected to establish (bring into existence or awareness) a new de-
sign problem of societal value and develop solution concepts for the
problem [18,19]. Conceptualising and identifying new design problems
is recognised as a particularly challenging activity [17]. As innovators
of next-generation technologies, design engineers are expected to meet
and overcome this challenge [20-23]. The benefits of successfully doing
so are invaluable, with significant positive societal impact, as illustrated
in Fig. 1.

The two foundational activities in early-stage engineering design are
illustrated in Fig. 1. One involves conceptualising or identifying an un-
known or existing problem. The other entails creating an unknown solu-
tion or identifying an existing solution for a given design problem. The
term “unknown” is used in a global sense, meaning “new” on a broader
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Fig. 1. The foundational activities in engineering design.

scale. For instance, a “new” house may not be globally new, as it could
have been built years ago, but it is locally new to the owner. Therefore,
an unknown problem or solution requires discovery or conceptualisation
and is one that society has limited or no knowledge of. Conceptualising
an unknown problem, as illustrated in Fig. 1, is crucial for developing
unknown solutions that can lead to inventions. An invention is defined
as a concept that experts in the field find unusual [24]. It seeks the
truly new (an unknown problem or solution), which is time-consuming
and offers no guarantee of a return on invested time, resources, and as-
sets [3,25]. However, while not all inventions are driven by financial
benefits [26], they can yield significant economic advantages [27,28].
Without conceptualising or identifying a new problem, the likelihood of
obtaining a new solution necessary for invention is reduced [29,30].

Although a new design solution can address an existing problem,
such combinations typically result in innovation, especially when the
new solution offers a superior alternative to a prior one. Innovation of-
ten involves altering established methods [31]. Sometimes, an existing
design solution reaches a point where further modifications are imprac-
tical without a radical breakthrough. As illustrated in Fig. 1, all activi-
ties involving something unknown or new necessitate creativity. Solving
an existing problem with an existing solution falls into the uncreative
region, as it relies on knowledge and experience rather than creativity.
Identifying truly novel ideas is widely recognised as a complex and time-
consuming process [1]. Conceptualising a new design problem requires
divergent thinking. As reported, “generating ideas through divergent
thinking is more difficult than evaluating and selecting ideas through
convergent thinking; the ability to think divergently is essential to cre-
ativity and is regarded as a reliable predictor of creativity” [32]. Diver-
gent thinking can lead to cognitive fatigue—cerebral exhaustion within
30 min of performing a challenging task, resulting in no tangible or cre-
ative output [33,34]. Cognitive fatigue can induce physiological issues
such as creative burnout, frustration, tiredness, or withdrawal from a
task [35-39].

2.2. Computational support at early-stage engineering design

In engineering design, computational approaches significantly sup-
port various designer actions [40]. This is primarily due to the limita-
tions of human rationality and the narrow focus of human attention,
which fundamentally influence the design process. Computers enable
us to manage more information than previously possible [41]. The need
for creativity at the early stages of engineering design drives many com-
putational cognition support tools. Despite creativity being essential
for successful engineering design, some design engineers believe they
are not creative, cannot achieve creativity, or find creativity challeng-
ing [42,43]. Creativity or cognition support tools enhance users’ ability
to make discoveries or inventions from the early stages of information
gathering, including identifying new design problems [44]. For exam-
ple, the Combinator supports ideation at the early design stage by jux-
taposing or superimposing unrelated image pairs to produce unfamiliar
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Fig. 2. A generative Markov chain (GMC) model for framing design problems.

solution concepts, inspiring design engineers [45]. The Collaborative
Ideation Partner (CIP) is another computational support tool used in
the early design stage [46]. CIP allows a design engineer to specify a
design task and make an initial design sketch on one-half of its graphi-
cal user interface (GUI). It then displays conceptually similar images on
the other half of its GUI, inspiring the engineer to add new features to the
initial design sketch. Idea-Inspire 4.0 is a web-based support tool that
enables design engineers to use nature’s inspirations, such as the mo-
tions of biological entities, to solve engineering design problems [47].
This tool employs design-by-analogy, a powerful method for developing
ideas using natural inspiration [48].

2.3. Emergent technologies to support design concept generation

Recent advancements in LLMs have significantly expanded oppor-
tunities to support challenging conceptual activities in the early stages
of design. Prominent LLMs include the GPT, Prometheus, and Gemini
models. The OpenAl GPT model powers Al tools such as ChatGPT and
DALL-E [49], while the Microsoft Prometheus model, in combination
with GPT, powers the Copilot Al tool [50]. The Google Gemini model
powers the Gemini Al tool [51]. The GPT model is regarded as a state-
of-the-art technology in natural language processing (NLP), capable of
generating high-quality text from natural prompts [52]. One notable
application of GPT models is the generation of new datasets, including
text and images [53]. These models can create realistic text and im-
ages from prompts or natural language descriptions [54]. Studies have
demonstrated the GPT model’s proficiency in generating images with
specified elements and producing images that approach human stan-
dards [55,56]. Additionally, the GPT model consistently generates con-
versational texts that are grammatically correct and suitable for essays,
assignments, and online tests [57,58]. The capabilities of the GPT model
can be integrated into other computational technologies via an applica-
tion programming interface (API) [59,60].

2.4. Optimising a GMC model with an LLM

A Markov chain is a probabilistic model characterised by the Markov
property, where the next state of a sequence depends solely on the cur-
rent state, not on past states [14]. Consequently, a Markov chain model
is unidirectional, moving only forward. In contrast, an LLM is autore-
gressive, determining the next state in a sequence based on past states
[61-64]. A Markovian model can be generative with some adjustments
and without extensive data training. For instance, a GMC can create new
design problems using given examples without requiring large datasets
or costly data training [15]. This GMC model, illustrated in Fig. 2, lever-
ages the Markov property to reduce model size and computing resources
and increase computing speed. In specific applications, small model
sizes and low computational power consumption are desirable [65]. The
Markov property relies on forward determinism (using the present con-
dition to predict future events), which is considered more important

than backward determinism (or autoregression) in deterministic chaos
theory [66].

The Markovian model shown in Fig. 2 is data-driven and comprises
two systems: System A and System B. In System A, online-retrieved
texts are classified using machine learning (ML) techniques. These texts,
which are one-line briefs or engineering design project titles, are manu-
ally labelled into two categories: those describing an engineering design
problem (EDP) and those that do not. This classification is necessary
since not all retrieved data clearly describe an EDP. The labelled data
categories train the ML model to classify new texts. Thus, System A is a
discriminative ML model that accepts input data and predicts the sub-
group to which the data belong [67]. The continuous collection of these
texts constitutes big data due to their increasing availability, variety, and
speed of generation and processing [68,69]. Texts classified as EDPs in
System A are stored in the EDP Database and form the input to System
B, which is a Markovian model. In System B, the Markov property is
utilised to process input text from System A, producing a distinct yet
comparable output. The text is tokenised into words, each representing
a Markov state. A new EDP is generated by randomly selecting an ini-
tial word and constructing a sequence where each subsequent word de-
pends solely on the current word. Implemented in Python, this method
maintains the natural linguistic flow to mimic coherent EDP generation.
Since the goal is to frame a new EDP, repeating an existing EDP is unde-
sirable. Therefore, a duplication recognition search, indicated with the
feedback loop in Fig. 2, ensures that a new EDP from the GMC model
does not duplicate any in the EDP Database. While the GMC model can
generate new and useful outputs without data training, the readability
of the outputs remains inconsistent.

An LLM can optimise the readability of the GMC model output, and
the LLM used in this study is the GPT model. While there are alterna-
tives for optimising GMC model outputs, as discussed in Section 3.2,
the GPT model currently offers the best solution. Additionally, the GPT
model saved training time and resources that would be required to train
a deep learning model from scratch for this study. The only feature of
the LLM needed for this task is text refinement, and a small GPT model
can be specifically trained for this with less data and without further
retraining, unlike LLMs. The model in Fig. 2 is realised as a web-based
support tool, Pro-Explora, and has been empirically validated to support
generating new and useful EDPs [15]. Combining the strengths of GMC
and LLM presents a leverageable opportunity, translatable to supporting
challenging concept generation activities in the early stages of design.

This section highlights the availability of computational tools for
early-stage design concept generation. While some tools target design
solutions, others are too general to effectively support early-stage de-
sign activities. Despite the critical role of new EDPs in innovation and
invention (Section 2.1), there is a lack of specific computational support
for conceptualising and identifying new EDPs [70,71]. Typically, the
conceptualisation of a new EDP and its solution occurs simultaneously,
indicating the need for integrated computational support. However, no
comprehensive model or tool currently exists to support these activities
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Table 1
Case study participants’ details.

Design and Artificial Intelligence 1 (2025) 100030

Participant Gender Academic qualification (obtained/in view) Experience (years)
Male Female Total B MS PhD <3 >3
Novice 12 7 19 5 11 3 19 0
Experienced 23 1 24 10 9 5 0 24
Total 35 8 43 15 20 8 19 24

Note: B, Bachelors; MS, Masters.

fully. Although such a tool would facilitate rapid concept generation,
research in this area is insufficient. This study addresses these research

gaps.
3. Methodology

This section presents a method for an SGM to support early-stage de-
sign activities. A user experience case study was conducted to verify the
performance of the GMC model in Fig. 2. Based on the case study feed-
back, the GMC model is optimised using LLMs, resulting in the SGM
(GMC + LLM) model. The SGM is evaluated for readability and sim-
ilarity of its output compared to the GMC model and human output,
respectively. Additionally, ChatGPT, DeepSeek, and Grok were used to
compare the outputs of the SGM with the Copilot outputs.

3.1. User-experience case study

Table 1 presents the demographic profiles of the 43 participants in-
volved in the case study to verify the usefulness of the GMC model out-
put. The model shown in Fig. 2 has been translated into a web-based
tool, Pro-Explora V1 [15], enabling the case study to be conducted on-
line. This allows participants to explore the GMC model’s capabilities.
As part of the case study, participants were asked to provide feedback on
the tool upon completion. They were automatically redirected to a feed-
back page, where they shared their opinions to aid in improvements. All
responses were collected online in text format and unstructured.

The case study was advertised through channels targeting pro-
fessionals and students (Year 2 and above). All participants listed
in Table 1 have engineering design-related backgrounds from vari-
ous countries, including Canada, France, India, Russia, Singapore, the
United Kingdom, and the United States. Participants with less than three
years of work experience are classified as “Novice,” while those with
three or more years are classified as “Experienced.” For the Novice
group, the mean (M) work experience is 1.5 years, with a standard de-
viation (SD) of 0.7 years and a range (R) of 2 years. For the Experienced
group, the mean work experience is 8 years, with an SD of 3.8 years and
an R of 17 years.

An inclusion criterion of 0-40 years of work experience is applied
to ensure that participants can easily perform computer-based activi-
ties. The GUI of the web tool for the case study is shown in Fig. 3,
with an example of a logged-in user, Engineer. The two optional set-
tings for using the tool are: 1) “Select explore domain” and 2) “Select
number of problems to explore.” The “Select explore domain” setting
offers four options: “Engineering design product,” “Engineering design
research,” “Engineering design machine intelligence,” and “Engineering
design cross-domain”—the latter having the largest database, combin-
ing the other three domains.

The case study web tool’s “Select number of problems to explore” set-
ting, illustrated in Fig. 3, ranges from 1 to 5, with 1 as the default. The
“List of explored domain(s)” section of the GUI displays the history of
all explored domains. Activating the Explore/ReExplore button initiates
a new EDP-framing process based on the selected settings. Fig. 3 show-
cases an example of three EDPs framed by Pro-Explora, which can be
selected and saved for future review. Pro-Explora can frame over 100
unique EDPs per minute, a feat unattainable by the human brain without
support due to cognitive limitations, as discussed in Section 2.1. Partic-

ipants utilised Pro-Explora V1 to frame five EDPs in 10 min, excluding
time spent on other activities such as completing demographic ques-
tionnaires, reading instructions, and watching instructional podcasts. In
total, 43 participants framed 215 design problems using Pro-Explora V1.
Each participant rated the perceived usefulness of the design problems
on a Likert scale of 1 (lowest) to 10 (highest), with an average rating of
7.74 out of 10.

To indicate the variabilities of the 215 EDPs framed by Pro-Explora
V1 in the case study, each EDP was vectorised into numerical arrays us-
ing the term frequency-inverse document frequency (TF-IDF) method.
TF-IDF, widely used in studies, determines the frequency of a word in
a document and assigns a weight based on its importance [72]. Conse-
quently, individual words or tokens in a sentence have different weight
values, summing to various averages. This method is ideal for observing
variabilities in the GMC model output, as discussed in Section 5. TF-IDF
is the product of term frequency (TF) and inverse document frequency
(IDF), as shown in Eq. 1 [72-74].

TF — IDF = TF(¢, d) - IDF(¢, D) (1)
ftd
TF(t,d) = o———— (2)
Zr'ed fr',d
D
IDF(¢, D) = lo (—) (deD:ted) 3)
8 ZzeD fip

where f, ; is the number of times a token (t) appears in a document (d)

in a corpus; Y, f, is the total tokens in d; D is the total documents
t'ed
in the corpus containing d; and ), f, j is the number of d containing t
1eD
in D. Note that the logarithm in Eq. 3 is base ten. The TfidfVectorizer

library from the Python sklearn NLP package efficiently applies TF-IDF
and is used in this study. During the TfidfVectorizer process, the corpus
is vectorised to obtain TF-IDF scores [75].

3.2. Case study-based optimised GMC model

The participants’ feedback from the case study indicates that an in-
tegrated tool supporting the identification of design problems and so-
lutions would be highly beneficial. One participant noted, “Pro-Explora
seems a very good tool to find problems and work on their solutions.”
Currently, there is a scarcity of engineering design tools or SGMs that
facilitate both the identification of design problems and the exploration
of solution concepts. Another participant remarked, “I have seen Al-
based design solutions before, but never Al problem identification. It
sometimes generates quite ‘inhuman’ sentences, which can be difficult
to read, but overall, it is quite effective.” This feedback underscores the
readability challenges associated with the design problems generated by
Pro-Explora. The collective feedback from all participants was utilised
to optimise the GMC model into an SGM for early-stage engineering de-
sign, as illustrated in Fig. 4.

Participants’ feedback is crucial to this study. Owing to the study’s
small scale, manual coding was employed to analyse the feedback,
ensuring thorough interpretation. This approach, though more time-
consuming and labour-intensive, offers deeper contextual understanding
compared to software-based methods, avoiding unnecessary complex-
ity and providing a more authentic interpretation [76,77]. At least ten
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participants frequently noted the need to refine the tool’s output and
integrate a feature for exploring new EDPs and their solutions. Other
comments highlighted minor technical issues with the tool. However,
all feedback was overwhelmingly positive.

Fig. 4 shows an SGM (GMC + LLM) comprising four systems: System
A, System B, System C, and System D, which support the identification
of a new EDP and its solution concepts. As mentioned in Section 2.4, the
LLM used in this study is the GPT model as indicated in Fig. 4. Systems
A, B, and C form the core of the SGM, facilitating the identification of
a new EDP, while System D is optional and aids in exploring solution
concepts for the EDP. In Fig. 4, Systems A and B represent Systems A
and B in the GMC model shown in Fig. 2. As detailed in Section 2.4, the
input data for System A is retrieved online using Scrapy, a Python data
extraction tool. These online sources include journals and conference
databases, with the target texts being the titles of previous engineering
design projects that describe the EDP [78,79]. Confidential company
records, medical information, or musical lyrics can be stored directly
in the database or processed by System A for classification, if required
(see Section 2.4). The Markovian model prevents the entire data from
being passed directly to an LLM for training, thereby preventing direct
data logging. It also acts as an encryptor, passing previous data to the
LLM without directly referencing the original data, as the output from
System B is unique and different from the input. This is discussed further
in Section 5.

Next, the three major optimisations of the GMC model (Fig. 2) fol-
lowing its case study and the alternatives to the GPT model used for
the SGM are discussed. These optimisations include readability, comple-
mentary solution concept exploration, and database self-reinforcement.

Optimisation 1: Pro-Explora V1 output readability

The readability of System B in Fig. 2 is enhanced in Fig. 4 using
a GPT-3.5 model, which refines incoherent sentences, as discussed in

Section 2.3. The output of the Markovian model (System B, Fig. 4) is
improved in System C by instructing the GPT-3.5 model to reword the
output. Rewording, which involves expressing the same concept differ-
ently, enhances both comprehension and conceptualisation [80,81]. To
maintain the original concept generated by the Markovian model, the
“temperature” parameter of the GPT-3.5 model is set to a low value of
0.2. The temperature controls the randomness or dissimilarity of the re-
worded output compared to the original [82], with values ranging from
0 to 2.

Optimisation 2: solution concept exploration for GMC model-
framed EDP

Based on participants’ feedback from the Pro-Explora use case study
(Section 3.1), an image generative model is integrated into the GMC
model (Fig. 2) to create the SGM (Fig. 4), to enable exploring solution
concepts for the EDPs generated by the GMC model. The reworded EDP
from System C (Fig. 4) is used as a prompt for System D, which includes
the GPT image model, DALL-E 3. The style parameter is set to “natural”
to generate photorealistic images that facilitate design ideation. Addi-
tionally, the n parameter is set to 2 to produce two images per prompt.
According to concept-knowledge theory, creative design emerges from
aligning new concepts with relevant knowledge [83]. To support this,
each EDP framed by the Markovian model in the SGM is mapped to
engineering design solution (EDS) concepts, as shown in Fig. 5. This
approach provides comprehensive support for early-stage engineering
design activities, aiding in both identifying design problems and map-
ping them to potential solutions.

Optimisation 3: self-reinforcement of the GMC model database

The EDPs framed by the GMC model and deemed useful are added to
the database for self-reinforcement. For instance, EDPs that participants
selected and rated highly for usefulness are included in the database.
This is in addition to the continuous texts retrieved from online sources
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Fig. 5. Mapping an engineering design problem (EDP) to infinite engineering design solution (EDS) concepts.

(Section 2.4). This self-reinforcement technique is beneficial because
it adds EDPs to the relevant domain databases, increasing the model’s
output variability and saving time and resources needed to retrieve and
classify text online within the discriminative model (System A, Figs. 2
and 4).

Alternatives for GMC model Optimisation 1: Gramformer, a
Python library for improving text readability [84], could enhance the
GMC model output. However, its results are not as sophisticated as those
produced by the GPT-3.5 LLM used in the SGM in this study. Alterna-
tively, a small language model (SLM) can be specifically trained for text
refinement and integrated into the SGM [84]. Unlike an LLM, an SLM
can run on local drives rather than the cloud, requiring fewer resources
for training in text refinement applications. Additionally, using an SLM
ensures superior privacy for this and similar SGM applications, as dis-
cussed in Section 5.

Alternatives for GMC model Optimisation 2: As an alternative
to using the GPT image model, Google Images can be retrieved to in-
spire potential solutions for GMC model-generated problems. This ap-
proach is utilised in the CIP computational support tool discussed in
Section 2.2. ConceptNet and Google image retrieval can also be em-
ployed to explore solution concepts for GMC model design problems
[85,86]. ConceptNet is a semantic network that provides extensive back-
ground knowledge for applications working with natural language text
[87]. However, these alternatives have limitations: They are not gen-
erative and do not create new images like a GPT image model. Con-
ceptNet accepts a noun as a prompt, while a GPT image model uses a
sentence description. Unlike Google Images, GPT model images are not
subject to copyright issues, as their prior existence is not traceable to a
specific source. This allows them to be freely used as part of a design
document.

3.3. Performance verification for GMC model and SGM outputs

An evaluation is conducted to compare the performance of the GMC
model and the SGM (or GMC LLM-optimised) model using the Pro-
Explora V2 tool. The evaluation also tests the performance of the SGM
against Copilot using popular AI tools—ChatGPT, DeepSeek, and Grok.
The focus is on the readability of the outputs from the GMC model
and SGM, as highlighted in the case study feedback for the GMC model
(Section 3.1). This evaluation aims to demonstrate that an SGM can of-
fer a cost-effective and data-secure approach for specific applications.
An interface of Pro-Explora V2 displaying generated EDPs is shown in
Fig. 6, while another interface with solution concepts is shown in Fig. 7.
The tool is accessible at https://www.explorefoss.com.

Figs. 6 and 7 reflect the SGM illustrated in Fig. 4. Systems A, B, and C
in Fig. 4 facilitate the output shown in Fig. 6, while System D facilitates
the output in Fig. 7. The interface in Fig. 7 is activated by selecting any
Pro-Explora V2 framed EDP in Fig. 6 and clicking the “Explore solution

Table 2
Readability metrics for comparing outputs of the generative Markov chain
(GMC) model and specific generative model (SGM).

Metric Metric scale Metric scale interpretation
Flesch reading 0-100 The higher the score, the easier to read
ease (FRE) and understand a given text. A score of

0-30 indicates that the text is difficult to
read and meant to be understood by
professionals or graduates [88].
Flesch—Kincaid 0-18 The higher the score, the higher the
grade level academic level required to understand a
(FGL) text. A score above 12 indicates that the
text is for college or graduate reading
levels based on the United States
educational system [88,89].
Gunning fog The higher the score, the higher the
index 0-20 academic level required to understand a
(GFD) text. A score of 13-17 indicates that the
text is for college-level understanding,
while a score above 17 indicates
postgraduate-level understanding based
on the United States educational system
[90,91].

concepts” button, as explained in Section 3.1. For example, in Fig. 6,
the first displayed EDP is selected, and the “Explore solution concepts”
button is clicked to display the solution concepts shown in Fig. 7. This
capability is based on the participants’ needs and was unavailable before
the case study. Clicking the “ReGenerate concepts” button generates a
new set of two EDS image concepts for the displayed design problem.
Clicking “Back to problem-exploring” returns the user to the interface
shown in Fig. 6. The “More Design Tasks” button can be used for ad-
ditional design activities not covered in this study. The outputs of the
GMC model were compared with those of the SGM using the standard
readability metrics presented in Table 2.

The metrics in Table 2 are standard readability metrics, obtained
using Egs. 4-6. Using en_core_web_lg, a Python open-source library for
NLP, the cosine similarities between the EDPs framed by the GMC model
and the SGM were determined and compared to human-framed EDPs
[92]. The cosine similarity ranges from O to 1, with 1 indicating 100 %
similarity. In Eqs. 4-5 [93], ASL represents the average sentence length
for an assessed text, and ASW denotes the average syllables per word in
the text.

FRE = 206.835 — (1.015 X ASL) — (84.6 X ASW) (@)
FGL = (0.4 X ASL) + (12 X ASW) — 15 5)
GFI = 0.4 X (ASL + hard words) 6)
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Inbox(10)

| Engineering design product s |

Select number of problems to explore:

| 5 : |

Explore/ReExplore

List of explored domain(s):

Automated Egg Yolk and White Separation Machine Design
Modular Self-Assembling Warehouse Design for Efficient Port Operations
Designing a Reliable Pesticide Sprayer with Performance Evaluation
Secure Retention Mechanism for Replaceable Tools in Examination Devices

Development of a High-Efficiency Forward Switching Power Converter

Engineering design product Clear List

Click Inbox to see saved problem(s).

Explore solution concepts

Fig. 6. Graphical user interface (GUI) for Pro-Explora V2.

You can select an inspiring explored problem to explore solution concepts or select inspiring explored problem(s) and Save.

Save selected problem(s)

Problem: "Automated Egg Yolk and White Separation Machine Design "

Solution Concept A

ReGenerate concepts

More Design Tasks

Fig. 7. Pro-Explora V2 solution concept GUL

4. Results

This section presents the results of the study, evaluating the objec-
tive of employing integrated Al technologies to facilitate early-stage en-
gineering design activities. It specifically examines the variability of the
GMC model outputs as a generative tool, the efficacy of optimising the
GMC model as an SGM, the similarity between SGM outputs and human-
generated designs, and the comparability of SGM outputs—produced
without extensive training—to those of LLMs trained with substantial
data and computational resources.

4.1. Variability in GMC model output

Fig. 8 presents a box plot illustrating the variability in the EDPs
framed by the GMC model for all participants in the case study dis-

Solution Concept B

Back to problem-exploring

cussed in Section 3.1. Box plots are widely used to display variability
[94]. The box plot in Fig. 8 provides insights into the variability in EDPs
for each participant’s five EDPs and across the 43 participants. It high-
lights outliers and the spread of TF-IDF scores for each participant based
on the range and interquartile range (IQR). Comparing the spreads in
Fig. 8 helps observe the variability of the generated EDPs across all par-
ticipants.

4.2. SGM performance evaluation

Table 3 presents the results of the readability evaluation for the out-
puts of the GMC model and the SGM. Details of the standard metrics
used are provided in Section 3.3. To meet the 100-word minimum re-
quirement for readability assessment using the metrics in Table 2 [95],
the EDPs of three participants were merged, resulting in 14 groups.
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Fig. 8. Variability in participants’ GMC model-framed EDPs.

Table 3
Performance evaluation metrics for GMC model and SGM outputs.

=Y Participants Number of Words Output Readability Scores
g Merged GMC  SGM GMC Model SGM Model
Model Model FRE FGL  GFI |FRED FGLY GFI{
1 7001,7002,7003 130 159  -104 16.8 14.8 187 133 133
2 7004,7005,7006 103 134 329 103 89 |411 96 [ 94
3 7007,7008,7009 112 134 238 11793 [ 286 114 | 97
4 7010,7011,7012 114 144 22 148 145 241 122 12.7
5 7013,7014,7015 103 135 115 133 127 286 114 10.0
6 7016,7017,7018 124 132 107 13.7 148 191 127 126
7 7019,7020,7021 114 140 195 124[106]368 103
8 7022,7023,7024 107 136 303 107 105 426 95 9.7
9  7025,7026,7027 110 130 223 119 111 326 107 9.8
10 7028,7029,7030 113 130 13.2 15.4
11 7031,7032,7033 102 132 99 135 129 384 10.0 104
12 7034,7035,7036 118 143 23.6 11.8 12.7 286 115 125
13 7037,7038,7039 109 136 121 133 135 256 11.8 13.0
14 7040,7041,7042, 13, 162 18.1 125 122 348 103 10.7

7043

FRE: Flesch reading ease, FGL: Flesch-Kincaid grade level, GFI: Gunning fog index.

Group 14 in Table 3 includes four participants due to the remainder
when 43 participants are divided into 13 groups. The readability scores
for the EDPs generated by participants using the GMC model are shown
in Table 3. These EDPs were then refined using the GPT-3.5 model, and
the group readability scores are recorded in the SGM column in Table 3.
The number of words in the EDPs increased slightly due to the GPT-3.5
model refinement. Regression analysis of the metrics for the GMC model
and SGM shows Flesch reading ease (FRE) (r = 0.67, p = 0.008), Flesch—
Kincaid grade level (FGL) (r = 0.74, p = 0.003), and Gunning fog index
(GFD) (r = 0.77, p = 0.001), with p-values < 0.05 indicating statistical

significance. As shown in Table 3, based on the standard definitions in
Table 2, improved readability is evidenced by a relative increase in FRE
scores and a decrease in FGL and GFI scores.

4.3. Cosine similarities

Table 4 presents the cosine similarity results for EDPs framed by hu-
mans and those generated by the GMC model and SGM. EDP1-EDP5 are
conceived by design engineers without computational support. EDP6—
EDP10 are randomly selected from participants’ generated EDPs, with
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Table 4

Comparisons of EDPs framed by human, GMC model, and SGM.
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EDP6 (EDP6’) EDP7 (EDP7’) EDPS8 (EDPS8’) EDP9 (EDP9’) EDP10 (EDP10’) Q*
EDP1 0.8411 (0.6870) 0.9250 (0.8937) 0.7520 (0.7500) 0.8653 (0.8308) 0.8642 (0.8501) 0.3095
EDP2 0.6418 (0.7315) 0.7692 (0.7744) 0.6602 (0.7929) 0.7330 (0.7988) 0.6581 (0.6503) 0.3600
EDP3 0.6369 (0.5392) 0.7922 (0.7808) 0.6022 (0.6991) 0.7031 (0.7502) 0.6744 (0.7180) 0.2487
EDP4 0.6892 (0.8015) 0.7935 (0.8162) 0.6636 (0.6307) 0.7400 (0.7349) 0.7252 (0.7658) 0.2890
EDPS 0.6853 (0.6330) 0.8035 (0.7706) 0.5920 (0.5853) 0.7347 (0.7377) 0.7024 (0.7002) 0.1249

Q*: “Tell me and I forget, teach me and I remember, involve me and I learn.” [96]

Table 5

Comparison of Pro-Explora output and Copilot output.

. Virtual Concept Evaluation
Source Generated Design Concept
ChatGPT | DeepSeek Grok
Copilot Smart Irrigation System for Efficient Water Management Human Human Al
1 Pro-Explora :?':\ézlt?gri]nsgy/s-\tdev;r;ced Downhole Technologies for Efficient Mixed-Flow Al Al Human
5 Pro-Explora | Development of a Heat-Resistant Robotic Fire Extinguishing System Human Al Human
Copilot Renewable Energy-Powered Autonomous Drone for Surveillance Al Human Al
3 Copilot Design of a Portable Solar Charging Station Human Human Human
Pro-Explora | Innovative Design for Sustainable Energy Systems Al Al Al
. Pro-Explora EDXetsriag:tizfna Portable Cyclone Separator for Atmospheric Water Al Al Human
Copilot Automated Greenhouse Monitoring and Control System Human Human Al
5 Copilot loT-Based Smart Home Energy Management System Human Al Al
Pro-Explora | Compact Robotic System for Automated Glass Surface Cleaning Al Human Human
] Pro-Explora |I:Daec\/i:eiIt(i)e|:)sing a Self-Balancing Support Mechanism for Elderly Care Al Al Human
Copilot Development of a Wearable Health Monitoring Device Human Human Al
; Copilot Design and Implementation of a Smart Traffic Light System Human Human Al
Pro-Explora | Intelligent Vehicle Safety System for Accident Prevention Al Al Human
8 Pro-Explora | Development of an Autonomous Energy-Generating Vehicle Al Al Al
Copilot Energy-Efficient HVAC System for Sustainable Buildings Human Human Human
9 Copilot Robotic Arm for Precision Manufacturing Applications Al Al Al
Pro-Explora | Adjustable-Height Manual Metal Bending Machine Design Human Human Human
10 Pro-Explora | Designing an Accessible Vehicle for Safe Patient Transfer Human Al Human
Copilot Wireless Sensor Network for Environmental Monitoring Al Human Al

their cosine similarities to EDP1-EDP5 shown in Table 4 without paren-
theses. EDP6-EDP10 are reworded using the GPT-3.5 model and in-
dicated as EDP6’-EDP10’ in Table 4, with their cosine similarities to
EDP1-EDP5 shown in parentheses. Additionally, the similarity between
the naturally framed EDPs and a non-EDP, represented by a quote (Q*),
is included for further insight and interpretation.

4.4. SGM and Copilot outputs comparison with ChatGPT, DeepSeek, and
Grok

As presented in Table 5, Pro-Explora was compared with ChatGPT,
DeepSeek, and Grok for early-stage engineering design applications.
Copilot was prompted to generate ten EDPs. Similarly, Pro-Explora,
powered by the SGM depicted in Fig. 4, generated ten EDPs. The EDPs
generated by Copilot and Pro-Explora were paired and presented in
Table 5. Each pair of EDPs was then evaluated by Chatgpt, DeepSeek,
and Grok with the prompt: "Identify which of the following topics is AI-
generated and which is human-generated." Note that none of the EDPs
were human-generated; the prompt was designed to prevent bias. To
avoid the Al tools detecting a pattern in the EDPs, the order of presenta-
tion of the EDPs generated by Copilot and Pro-Explora was alternated.

As discussed in Section 5, an SGM could be a cost-effective approach for
certain applications.

5. Discussion
5.1. Uniqueness of the GMC model outputs

A generative model is characterised by its output variability or de-
terministic chaos while following logical rules. The box plot in Fig. 8 il-
lustrates the variability in the EDPs generated by the GMC model during
the case study reported in Section 3.1. As shown in Fig. 8, there are few
or no overlaps in the median and IQR of the TF-IDF, indicating vari-
ability in the EDPs. The TF-IDF values of the five EDPs across 43 par-
ticipants show an average IQR of 0.28 (range: 0.01-0.65, spread: 0.64),
suggesting moderate to high variability and significant data dispersion.
The average range of TF-IDF values is 0.63 (range: 0.24-1.14, spread:
0.90), also indicating variability [97]. The variability in the outputs of
the GMC model is also relative to the input data. A generative model is
non-deterministic, meaning the input and output data are distinct. The
GMC model in Fig. 2 includes a duplication recognition search to ensure
that a generated EDP has no duplicates in the database, maintaining the
variability of the output data relative to the input data.
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5.2. Comparing the performances of the GMC model and SGM

The results in Table 3 demonstrate a statistically significant improve-
ment in the readability of outputs generated by the SGM compared to
the GMC model. Specifically, rewording GMC model outputs resulted in
metric score differences with p-values less than 0.05 across all metrics.
The range of FRE scores for the reworded EDPs is approximately 15-43,
an improvement from the previous range of 0-33. The improved score
range is considered adequate for design engineers (both novice and ex-
perienced), college graduates, and college students [91,98]. Based on
the standards in Table 2, higher FRE scores and lower FGL and GFI
scores indicate improved readability. This condition is met in most cases
in Table 3. However, for Groups 2, 3, 7, and 10, some FGL and GFI met-
ric scores of the SGM outputs are slightly above or equal to those of the
GMC model.

Although not considered in the interpretation of metric scores in
Table 2, the negative FRE score for the GMC model in Group 1 can
be treated as zero [99]. Based on Eq. 4, a high ASL or ASW value can
result in a negative FRE score, indicating more difficult readability. The
optimisation of the GMC model outputs slightly increases the number
of words in each EDP. Table 3 shows that the maximum difference in
word count between the GMC model and the SGM occurs in Group 5
(153 vs. 103, a difference of 32 words). Given that there are at least 15
sentences in the merged EDPs, this difference translates to an average
of approximately two words per sentence, suggesting minimal variation
in sentence lengths after rewording.

5.3. The appropriateness of grouping the participants’ EDPs for evaluation

The grouped EDPs in Table 3 comprise a minimum of 15 sentences
and 102 words each. These groups serve as a basis for evaluating the
readability of individual EDPs generated by the GMC model and SGM.
Although the grouped EDPs may exhibit some disconnection in flow,
this does not undermine the validity of the readability assessments con-
ducted in this study. Eqs. 4-6 address parameters such as ASL, ASW, and
the number of hard words [100,101], without factoring in text coher-
ence [101]. Consequently, the readability scores for the grouped EDPs
apply to individual EDPs, providing insights into the ease with which
the text can be read and comprehended [93].

5.4. Comparing the similarities of the GMC model and SGM outputs to
human output

The cosine assessment results in Table 4 indicate that the natural
context of EDPs generated by the GMC model is preserved following op-
timisation with a GPT model. The similarity scores for GMC model EDPs
and SGM outputs are consistently close across all comparisons with EDPs
(EDP1-EDP5) created by design engineers. The trained Python model
used for analysis can interpret texts with varying degrees of similarity.
This is demonstrated by comparing EDPs framed by design engineers
with a quote (Q*), as shown in Table 4. The similarity scores for the
quote (non-EDP) range from 12 % to 36 %, whereas the scores for the
GMC model and SGM range from 54 % to 93 %, closely aligning with a
“natural” EDP. The use of a low temperature parameter, as detailed in
Optimisation 1 (Section 3.2), facilitated this natural alignment. There-
fore, optimising the GMC model with a GPT-3.5 model significantly en-
hances the GMC model’s output while preserving its natural context.

5.5. Evaluating SGM and Copilot outputs with ChatGPT, DeepSeek, and
Grok

As presented in Section 4.4, the EDPs generated by Pro-Explora, an
SGM, are comparable to those generated by Copilot, an LLM. To pre-
vent bias, the two categories of EDPs were presented to the LLM AI
tools—ChatGPT, DeepSeek, and Grok—with a prompt to believe that
one was Al-generated and the other human-generated. For each prompt
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across the Al tools, the order (Copilot first and Pro-Explora second) of
the EDPs was alternated to prevent the Al tools from detecting a pattern
in the order of presentation. As the evaluation results in Table 5 show,
some EDPs generated by Copilot and Pro-Explora were equally evalu-
ated as human-generated. This highlights that in certain applications,
an SGM might be a more cost-effective option. It should be noted that
the evaluation of a concept as human-generated by the Al tools does not
necessarily mean that it is better than the Al-generated concept. Based
on the reasons provided by the Al tools, some concepts were judged to
be too advanced to be generated by a human.

Beyond cost-effectiveness, the SGM proposed in this study addresses
the growing privacy concerns with LLMs [102]. The outputs from the
GMC model in Fig. 2 are not traceable to the original data used to gener-
ate them. This serves as a form of encryption for the data before they are
passed to the GPT model for refinement, as the refinement process could
cause data logging at the LLM service provider’s end. Hence, the GMC
model can be combined with an LLM for text refinement. However, for
higher privacy, a small language model could be trained specifically for
text refinement and incorporated into the SGM (Section 3.2), eliminat-
ing any communication with the cloud-based LLM. This training could
be one-off without repeated retraining, ensuring that confidential data
supporting design concept generation would not be passed to an LLM.

A significant amount of digital data may still not be in the public
domain due to privacy concerns. These data could be usefully applied
by developing an SGM, helping businesses derive value from their data
without sacrificing privacy or confidentiality. The future research chal-
lenge would be to identify more methods of developing an appropriate
SGM to suit a given application. For example, the SGM used in this study
is applicable in the medical field for drug discovery. It could also be ap-
plied in the music industry for generating new lyrics without compro-
mising the data logging of confidential lyrics to an LLM.

5.6. Practical and theoretical implications

5.6.1. Practical implications

This study has direct and practical implications for engineering de-
sign practitioners. The GMC model supports design engineers in explor-
ing, conceptualising, and identifying new EDPs whose solutions would
be of societal relevance. When a design engineer observes or perceives
an EDP, there is a rapid shift in thought towards possible solution con-
cepts for the EDP. Feedback from case study participants suggests this.
For example, a participant remarked, “It is great to have some help, the
thin[g] I liked the most is that I could feel how mi [sic] mind started to
get inspired and thinking of solving some of the problems generated by
Pro-Explora.” Hence, the GMC model is further optimised to incorporate
an aspect of solution concept exploration for its framed EDPs, leveraging
the GPT-3 image model. The SGM presented in this study provides com-
prehensive support to design engineers at the early-stage design. Current
Al tools, such as ChatGPT, Copilot, DeepSeek, and Grok, are not specif-
ically created to support early-stage engineering design. There remains
a need to create SGMs for engineering design applications, as done in
this study.

An experimental test in this study shows that two solution concepts
are consistently returned when the GPT-3 image model is prompted with
a framed EDP. All the returned images contain features related to the
idea expressed in the EDP prompt (see Fig. 7), corroborating study find-
ings about the image model as presented in Section 2.2. The intent of
the SGM in this study is to specifically support the challenging process
of conceptualising and identifying new EDPs. Some of the participants’
feedback highlights the need for this sort of specialised support. Re-
marks include, “This is a very interesting topic, I have seen Al-based
design solutions before—but never AI problem identification,” “A wide
spectrum of engineering design problems,” and “amazing and refreshing
as a design engineer to reignite our thought process.”

In about 10 min, based on their experiences, participants used Pro-
Explora to frame at least five useful EDPs and rated them highly, con-
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sidering the usefulness of their solutions to society. Whilst some of the
EDPs framed may have a related existing solution, it prompts design en-
gineers to think freely, divergently, and stochastically about new EDPs
they could solve. It helps design engineers break the mental constric-
tion in initiating radical and inventive thinking. Initiating such thinking
naturally without support is challenging [17]. The process could lead
to cognitive fatigue and other associated challenges, as presented in
Section 2.1. Using the SGM through the Pro-Explora tool also eliminates
the need for expertise in prompt engineering required for the effective
use of Al tools. Pro-Explora does not require knowledge of prompt en-
gineering, as users just need to click to achieve the same result as using
prompts. The prompting is effectively handled by the backend for users,
simplifying the process of using the power of GPT.

5.6.2. Theoretical implications

Besides the practical implications, this study also has theoretical im-
plications, providing opportunities for further research. For example,
identifying design problems computationally was previously thought to
be impossible [103]. As the first comprehensive model and tool to sup-
port early-stage design activities, this study offers insights that can in-
spire further research. In sequence generation, the SGM presented in this
study demonstrates that a GMC model can be optimised to match the ca-
pability of industrial LLMs without data training. A GPT model is used
in this study to optimise the GMC model, and the constraints that limit
the use of other alternatives/models are highlighted (Section 3.2). Re-
search into reducing or eliminating these constraints would create more
optimisation alternatives for the GMC model, increasing its applicability
in various areas.

The synergy of the GMC and GPT models in this study produced an
SGM with greater applicability in supporting early-stage design activi-
ties than the separate models. With relatively fewer data [15], the GMC
model can generate useful concepts that only need modest rewording to
improve their readability, as indicated by the results in Tables 3 and 4. It
should be noted that a generative model could “hallucinate” or generate
nonsensical text [104]. For example, the GPT-3.5 model that powers text
conversations in ChatGPT sometimes writes “plausible-sounding but in-
correct or nonsensical answers” [58]. However, although the SGM can
sometimes produce incoherent text, this sort of combination is neces-
sary to discover uncommon concepts for invention or radical innovation
[105].

6. Conclusion

This study introduces the SGM as a cost-effective approach to util-
ising specific capabilities of LLMs for tailored design applications. We
combined a GMC model with a GPT model to create an SGM to sup-
port early-stage design activities. The GMC model, integrated within
the Pro-Explora tool, was verified in a case study to frame unique EDPs
deemed useful by both experienced and novice design engineers. Guided
by case study feedback, we utilised a GPT text model and a GPT image
model to optimise the GMC model, resulting in the SGM. The GPT text
model enhances the readability of the GMC model-framed EDPs, while
the image model aids in exploring solution concepts for these EDPs.
Standard readability metrics and cosine similarity were employed to
evaluate the performance of the SGM. The results indicate a statisti-
cally significant readability improvement for the SGM compared to the
GMC model alone. Additionally, the model demonstrates comparable
output with Copilot for EDP generation when evaluated using ChatGPT,
DeepSeek, and Grok. For the intended SGM application, the model offers
superior data privacy compared to Al tools that directly use LLMs, mit-
igating the issue of data logging. The SGM in this study enables design
engineers to rapidly generate comprehensive design concepts within 10
min, a feat that would be challenging without support due to cognitive
fatigue and other associated challenges.

Practically, this study contributes to the research field by addressing
the knowledge gap in computationally identifying useful EDPs, previ-
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ously considered impossible. This advancement facilitates rapid concept
generation at the early-stage engineering design, accelerating innova-
tion and invention. Theoretically, this study opens new avenues for re-
search. It demonstrates that the GMC model can be optimised to match
the capabilities of LLMs without extensive data training. Although a GPT
model was used in this study to optimise the GMC model, the constraints
limiting the use of other models are highlighted to inspire further re-
search into improving these alternatives.

This study is limited by its reliance on GPT models offered for a
fee. Future research will focus on training an SLM specifically for the
SGM, potentially involving the development of a bespoke text rewording
model from scratch.
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