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ABSTRACT

Bio-inspired design (BID) fosters innovations in engineering. Learn-
ing BID is crucial for developing multidisciplinary innovation skills
of designers and engineers. Current BID education aims to enhance
learners’ understanding and analogical reasoning skills. However,
it often heavily relies on the teachers’ expertise. When learners
pursue independent learning using some educational tools, they
face challenges in understanding and reasoning practice within
this multidisciplinary field. Additionally, evaluating their learning
outcomes comprehensively becomes problematic. Addressing these
challenges, we introduce a LLMs-driven BID education method
based on a structured ontology and three strategies: enhancing
understanding through LLMs-enpowered "learning by asking”, as-
sisting reasoning by providing hints and feedback, and assessing
learning outcomes through benchmarking against existing BID
cases. Implementing the method, we developed BIDTrainer, a BID
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education tool. User studies indicate that learners using BIDTrainer
understood BID knowledge better, reason faster with higher inter-
activity than the baseline, and BIDTrainer assessed the learning
outcomes consistent with experts.
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1 INTRODUCTION

From Velcro, the versatile fastener inspired by burrs [70], to the soft
manipulator inspired by octopus suckers [30], bio-inspired design
(BID) represents a special form of design-by-analogy [14, 64, 65].
BID, known for adopting analogies from nature to inspire designers
and engineers [58], has led to numerous innovative solutions in
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the engineering and design fields. Given the popularity and signifi-
cance of the BID method, its integration into educational programs
is increasingly emphasized [72]. BID education not only effectively
connects learners to real-world applications [33] but also cultivates
the cross-disciplinary innovative abilities required of future design-
ers and engineers [43]. Thus, learners across design and engineering
disciplines, including industrial design students and novice design-
ers, as well as mechanical engineering students and researchers,
are finding it increasingly essential to study BID [57]. Current BID
training programs often rely on classroom lectures and workshops
[2, 58, 73], including steps of case studies, design practice, and
evaluation. These steps attempt to foster learners’ capabilities of
understanding and reasoning of BID knowledge, as well as provide
effective summative assessment. Notably, BID projects developed
in the workshops have gained significant recognition in the design
field. For instance, a deployable emergency shelter, inspired by bear
hibernation techniques [51], received the Red Dot Award, marking
a noteworthy contribution to the broader design community.

However, current BID training programs heavily rely on the cur-
ricula and the expertise of instructors due to its multidisciplinary
nature. Consequently, learners lacking access to specialized BID
curricula and instructors are increasingly turning to learn indepen-
dently, including understanding BID knowledge, practicing BID
reasoning, and evaluating their learning outcomes. In traditional
classroom settings, learners typically receive BID knowledge pas-
sively. To independently understand BID, learners can now actively
seek information from dedicated repositories like AskNature [8].
However, there is still the challenge for learners of understand-
ing complex BID knowledge in multiple disciplines [56]. Moreover,
traditional classroom education often adopts a generic, one-size-
fits-all approach to BID reasoning. In response, learners can now
apply structured templates for engaging in BID reasoning that
aligns with their interests [6]. Despite this, the challenge persists in
bridging the multidisciplinary reasoning gap [71], leading to mis-
takes in BID practice, such as poor problem-solution pairing [21].
Due to the large student groups and high cost of time associated
with individual assessments, traditional education often employs
summative assessment. Such summative assessments do not allow
learners to improve their learning and performance in real time,
unlike formative assessments [16, 52]. Currently, learners are able
to independently assess their design outcomes qualitatively using
tools like analogy assessment charts for continuous improvement
of their designs [20]. However, they still face challenges in obtain-
ing quantitative and comprehensive evaluations, which are crucial
for thorough learning [18]. In all, these three significant challenges
— difficulties in understanding complex multidisciplinary knowl-
edge, bridging the multidisciplinary reasoning gap, and obtaining
comprehensive assessments.

Recently, Large Language Models (LLMs) have demonstrated
powerful capabilities in natural language understanding, enabling
them to perform various tasks including text generation, summa-
rization, and intelligent question-answering [3]. The advancement
of LLMs offers the potential for fostering learners’ understanding
and training their reasoning skills in BID education. LLMs, such as
GPT-4, possess a multidisciplinary knowledge base and have the
ability to understand and generate natural language texts, particu-
larly in complex and nuanced scenarios [47]. This knowledge base,
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combined with their text processing abilities, makes them valuable
for supporting educational tasks across multiple disciplines. Fur-
thermore, LLMs have drawn increasing attention to the automatic
scoring of student-written responses because of their extensive
knowledge base and context awareness [36, 48].

To address the challenges in BID education, we propose an LLMs-
driven BID education method, based on a structured ontology and
consisting of three strategies. The structured ontology presents
multidisciplinary knowledge in BID cases in a cognitively efficient
manner. This ontology is utilized throughout the following three
education strategies, and each focused on specific learning aspects:
(1) Strategy for BID understanding: LLMs are employed for explain-
ing knowledge within the ontology through "learning by asking"
interaction between learners and LLMs. (2) Strategy for training
BID reasoning: Reasoning steps that break down the multidisci-
plinary reasoning process are offered, aiming to bridge the gap
between biological solutions in the ontology and their engineering
applications. Additionally, LLMs aid this process by offering reason-
ing hints and feedback through dialogue interactions. (3) Learning
Evaluation Strategy: A quantitative and comprehensive assessment
of learners’ outcomes, benchmarked by existing BID cases aligned
with the ontology is provided. These strategies address challenges
in understanding, reasoning, and evaluating respectively. The struc-
tured ontology of BID cases serves as a foundational knowledge
base, specifically illustrating the multidisciplinary relationships in
BID cases for understanding, presenting biological solutions for
reasoning exercises, and providing benchmark cases for evaluating.

Applying this method, we developed a streamlined BID educa-
tional tool called BIDTrainer for learners seeking to acquire BID
skills. This tool caters to diverse users, including university students
in design and engineering-related disciplines, such as industrial
design and mechanical engineering, as well as novice designers
and researchers engaged in design-related activities in the industry.
BIDTrainer facilitates understanding and reasoning in BID, comple-
mented by learning evaluations to ensure a complete educational
experience. Learners start by selecting a link within the ontology,
proceed to understand or practice reasoning partnered with the
tool through "learning by asking" interaction, and finally receive
quantitative feedback on their learning outcomes. To evaluate the
impact of BIDTrainer on BID understanding and reasoning, two
between-subject user studies (N = 40) were conducted, which in-
dicated enhanced understanding and reasoning among its users
compared to a control group. Additionally, an inter-rater reliability
study further validated the reliability of BIDTrainer in evaluating,
confirming its consistency with expert evaluations.

The contributions of this work can be summarized as follows:

¢ Introduction of the BID education method: This method
leverages a structured ontology for the presentation of mul-
tidisciplinary knowledge in BID education. Based on this
ontology, the method facilitates understanding of complex
knowledge through "learning by asking", bridges the multi-
disciplinary reasoning gap by offering reasoning steps, and
employs comparative evaluations benchmarked by existing
cases to offer learning feedback, thus forming a comprehen-
sive BID teaching pattern.
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e LLMs-empowered interactive BID learning: The natural
language understanding capabilities of LLMs are leveraged
to provide knowledge explanations and reasoning assistance
through "learning by asking" interaction. Meanwhile, LLMs
are utilized to offer timely and comprehensive evaluations
of learning outcomes, enabling self-adjustment for learners.

e Development of BIDTrainer: An education tool that ap-
plies the BID education method and interacts with LLMs.
Developed and utilized in experimental settings, BIDTrainer
has been shown to enhance understanding and improve rea-
soning efficiency in BID compared to the control group. It
can also provide valid evaluations and an engaging learning
experience.

2 RELATED WORKS
2.1 BID education

Engineers are expected not only to possess technical expertise but
also to engage in cross-disciplinary innovation [43, 44]. This neces-
sitates operating beyond the narrow confines of a single discipline.
A practical method to cultivate these cross-disciplinary abilities is
through the integration of bio-inspired design (BID) into education
programs [43].

There have been several real-world BID education programs [2,
53, 58, 73]. Among them, the simplest form of integrating BID into
education is through case study learning. Studies have indicated
that BID cases provided during classes can help learners to learn
innovative design principles [38]. For example, presenting learners
with high-quality biological knowledge text sections [31] as cases
has been found to aid them in understanding biological knowledge,
thereby enriching their design projects with biological insights, and
ultimately enhancing the quality of their schemes [38].

The academic community has also considered how to integrate
the BID method into education programs. When talking about these
methods, it is important to distinguish between the problem-driven
and solution-driven approaches [72]. In BID education, if there is a
given problem, learners need to seek solutions in a problem-driven
approach, which is very similar to current design classes. But if
there is a specific biological solution, learners should reason its
applications through a solution-driven approach. The BID methods,
as exemplified in the following, often integrate into educational
programs with one of these two approaches intentionally or unin-
tentionally. For example, researchers use the Structure-Behavior-
Function (SBF) model to help learners during their BID learning. The
model enhances the understanding of the behaviors and functions
of biological systems, implementing creative design in a solution-
driven approach [62]. The TRIZ methodology, rooted in engineering
innovation, evolves into Bio-TRIZ which enables learners to come
up with richer BID concepts [10]. The Concept-Knowledge (C-K)
theory model has also been explored in combination with BID. The
model divides the BID field into two parts: the biological knowledge
space and the concept space, helping learners to explore within
them, reason new knowledge, and transfer this knowledge to the
concept space to form design concepts [49]. Previous studies [31, 38]
have proven the effectiveness of learning cases in BID education
and the utility of employing appropriate design methods. In these
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studies, two crucial objectives in BID education programs are: un-
derstanding biological or engineering knowledge, and acquiring
the skill of reasoning between the fields of biology and engineering.
The former corresponds to case study learning, while the latter
embodies the essence of numerous BID methods.

Additionally, the real-world implementation of current BID ed-
ucation, including K-12 training programs [24], higher education
courses [25], and industry training [19], relies heavily on experi-
enced teachers with cross-disciplinary expertise. However, such
professionals are not readily available [11], and this format can be
overly passive for learners.

2.2 BID education tools

To solve the problem of excessive reliance on teachers, various tools
have been proposed, attempting to enhance BID understanding,
BID reasoning, and offer learning evaluation. The two types of tools
are introduced: BID understanding and reasoning tools, as well as
BID learning evaluation tools.

In the learning of BID, learners deepen their understanding of
BID knowledge through unstructured BID case repositories and
structured knowledge presentation tools. For instance, BID case
repositories like AskNature provide knowledge about biological
phenomena in the “biological strategies” section, design cases in the
“innovations” section [8]. Meanwhile, Bionic Inspiration ! show-
cases design projects inspired by nature. To reduce the cognitive
load caused by the unstructured information in these reposito-
ries, structured methods are used for knowledge presentation in
BID. Commonly used structured BID presentation tools include
Biologue, enabling users to tag BID documents with Structure-
Behavior-Function (SBF) model [62]; Design by Analogy to Nature
Engine (DANE), which uses the SBF model to capture the function-
ing of biological systems [63]; and Idea-Inspire 4.0, providing several
biological systems and representing them using a multi-modal rep-
resentation, such as function decomposition model, image, video,
and so on [55]. When learners seek to train their analogical rea-
soning abilities in BID practice, the “Four Box Method” of SR.BID
assists in structuring the formulation of design problems [20]. Addi-
tionally, a causal relation template based on Gentner’s theory aids
design learners in analogical reasoning [6].

However, there is a significant lack of tools and resources specif-
ically for BID education, posing challenges for novice bio-inspired
designers [45]. Their difficulties in understanding multidisciplinary
knowledge and extracting biological principles for reasoning often
cause them to seek external assistance, such as from biologists,
teachers, libraries, or online resources [69]. In tool-based learning
environments without expert or teacher involvement, learners are
left to consult libraries or internet resources to assist in under-
standing and reasoning. Therefore, developing more intuitive and
easy-to-understand BID education tools is crucial for enhancing
the quality of both education and professional practice in this field.

Evaluation is crucial in multidisciplinary education, such as BID,
to ensure that learners are effectively progressing in their learn-
ing process [15]. There are tools for qualitative and quantitative
evaluation during BID education. For qualitative evaluation in BID

!https://www.bioinspiration.net/
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education, the “T-Chart” tool requires learners to perform side-
by-side evaluations of biological systems concerning their design
problems using qualitative comparisons [20].

For quantitative evaluation during BID education, Yen et al. [71]
initially gave learners three quantitative homework tasks, but due
to the difficulty experienced by many learners, they shifted these
tasks from individual to group assignments. This change was ac-
companied by the introduction of the “Make-or-Break Quantita-
tive Analysis”, focusing on a single crucial quantitative function.
This indicates that BID learners manage only simple qualitative
or single-criterion quantitative evaluations independently. There-
fore, obtaining comprehensive quantitative evaluations crucial for
teaching [18] remains a significant challenge.

2.3 Alincluding LLMs in design education

While some educational BID tools offer powerful learning func-
tionalities, ranging from case studies to design evaluation, their
effectiveness still depends on external assistance [22]. Moreover,
finding teachers with deep expertise in specialized fields as external
assistance is often difficult. As an emerging solution, the research
community has been actively exploring Al-driven technologies for
design education.

In design education programs, Al-driven systems are often used
to support learners’ creative processes. Researchers have constructed
a learning platform called “Online Design Studio” within design
courses. The platform has considered various design tasks such
as Data evaluation and problem identification which were stan-
dardized and formulated to adapt to Al input and output formats,
thus providing Al support for students [63]. Another domain is AI-
driven evaluation, replacing teacher evaluation. Although there is a
lack in judging diverse overall design proposals in innovation work
[20], AI can be used to evaluate short-answer texts with structural
features [13], providing scores with high accuracy. At times, gener-
ative Al systems play an important role in bolstering the academic
grading framework [61], positioning their assessment outcomes
as external references for educators and learners. Moreover, inter-
active educational chatbots based on natural language technology
are also utilized as instructional agents and learning assistants to
engage learners and facilitate personalized learning activities [34].

These tools, along with the supported Al technologies, to a cer-
tain extent assist learners in independent design learning. However,
these systems fall short in aiding learners to understand knowledge
or design methods. Additionally, it is noteworthy that in domains
like BID education, which involve multidisciplinary knowledge, the
presence of Al tools remains scarce. These challenges are due to
shortage in Al datasets and the training procedures [34], which are
inadequate for cross-disciplinary work in BID education including
biology and engineering. Additionally, they are less effective in
supporting multi-turn dialogues, thereby limiting their ability to
assist learners in learning knowledge and design methods.

The advancement of Large Language Models (LLMs) offers a
potential resolution. With their extensive training dataset, LLMs
provide rich knowledge [67], enhanced natural language processing
capabilities [23], and the ability to support multi-turn dialogues
which makes them apt for complex design support contexts. LLMs
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have been integrated into certain design tools for the rapid gen-
eration of creative works, serving as an effective learning tool [4].
Within the field of educational research, LLMs are also recognized
for their ability to imitate teachers’ behaviors, thereby substituting
for certain teaching tasks [26]. This includes the quick production of
teaching materials [9] or serving as learning assistants, understand-
ing the diverse needs of students, and producing tailored knowledge
[60] to help them. Importantly, as the last component of the teach-
ing process, LLMs are able to provide assessments of students’
written answers [42], helping to rectify their misunderstandings
and offering immediate, substantive feedback.

These studies provide insights for our research regarding the
role of LLMs in design education and lays the groundwork for our
technical implementation. In this work, we primarily employ LLMs
as a supporter to assist learners in understanding the knowledge
within BID cases, reasoning between biology and engineering fields,
and facilitating learning assessments.

3 AN LLMS-DRIVEN BID EDUCATION
METHOD

In this work, we propose an LLMs-driven BID education method,
including three strategies designed to address the challenges in
BID understanding, reasoning, and evaluating in the multidisci-
plinary context of BID, as shown in Figure 1. The method involves
a structured ontology that intuitively presents multidisciplinary
knowledge from biology, the intersection of biology and engineer-
ing, and engineering disciplines in BID, forming the foundation of
our education method. Additionally, LLMs play roles in enhanc-
ing BID understanding by providing multidisciplinary knowledge
explanations and assisting in BID reasoning by offering reason-
ing hints and feedback. For learning evaluation, LLMs function as
evaluators, delivering scores and feedback to learners.

3.1 Structured ontology

Inspired by AskNatureNet [5], which presents BID cases in a struc-
tured format, we adopted a structured ontology to reduce the cogni-
tive load for learners. This ontology is employed throughout the BID
education method. It provides structured BID cases as materials for
understanding and biological solutions as reasoning sources, as well
as aligns learners’ chosen materials or sources with corresponding
original cases as evaluation benchmarks. Adopting the approach
used in AskNatureNet which employs structured triples to connect
biological and engineering domains, we present each BID case from
the “innovations” section of AskNature [8] as structured triples:
"source -> benefits -> application (S -> B -> A)" or "application ->
benefits -> source (A -> B -> S)." Here, "source" refers to the specific
organism, system, or process in nature that serves as the biological
inspiration; "benefits" refer to the advantages, features or properties
that the biological source exhibits; "application” describes how the
biological benefits can be translated into the innovative designs or
solutions. BID cases in the "S -> B -> A" format are the presentation
for solution-driven design, while those in the "A -> B -> S" format
cater to problem-driven design. These triples reveal relationships
between the biological and engineering domains, providing learn-
ers with intuitive and efficient BID cases for understanding. When
the "application” element of "S -> B -> A" triples is hidden, the
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Figure 1: LLMs-driven BID education method including the strategy for assisting BID understanding, the strategy for training

BID reasoning, and learning evaluation strategy.

remaining pairs of 'S -> B" emphasize biological solutions used in
BID cases, serving as sources for analogical reasoning training. The
original cases of the chosen triples or pairs from the "innovations"
section of AskNature, validated for their quality within the industry,
are utilized as benchmarks for evaluating learners’ design schemes.

3.2 Strategy for assisting BID understanding

BID involves enriching subject knowledge and developing design
skills, which can be acquired through case study learning [71].
To address the challenge of understanding unfamiliar disciplinary
content in case studies, we utilize LLMs to conduct the “learn by
asking” approach [41], providing knowledge explanations.

To effectively leverage LLMs in our BID understanding strategy,
we focus on how LLMs can offer relevant and accessible explana-
tions interactively. LLMs are known for their ability to generate
informative explanations [12], and we apply this ability by adopt-
ing the "learning by asking" approach. This approach, combined
with making guesses, ensures interactive learning while enhancing
knowledge retention [7]. Although learners must self-assess their
knowledge scope when posing questions [41], the multidisciplinary

breadth of BID often makes it challenging. To address this, we im-
plement King’s "guided student-generated questioning strategy”
[32], which employs generic questions to prompt specific ques-
tions. Tailored to the unique aspects of BID, we categorize generic
questions into three types: biology, the intersection of biology and
engineering, and engineering, as shown in Table 1. Learners, guided
to ask LLMs a specific question along with their guesses, receive
encouragement and detailed explanations from LLMs. This "learn
by asking" approach with LLMs personalizes knowledge expla-
nations for learners in BID case studies within human-computer
interactions.

3.3 Strategy for training BID reasoning

In BID education, learners are required to reason from biological
solutions to derive applications in the field of engineering [72].
This process requires learners to have the skill of multidisciplinary
reasoning and to possess foundational knowledge in both the bio-
logical and engineering fields. As an example, it is acknowledged
that humans invented radar by learning from bats, but it is almost
impossible to directly transfer the ultrasonic waves of bats to radar,
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Table 1: Generic questions in "guided student-generated questioning strategy" categorized in three domains

Domain

Generic questions

Biology

What is the meaning of “S” or “B?”

What are the strengths and weaknesses of “B?”

What do you think causes “B?”

What would happen if “S” doesn’t have “B?”

Why is “B” important?
What is the difference between “B?”

The intersection of biology and engineering

Explain why “B” can be used in “A?”
Explain how “B” can be used in “A?”
How does “B” affect “A?”

How do you use “B” to “A?”

Engineering

What are some possible solution of “A?”
What is the best “A” and why?

a product that had never previously appeared. The breakthrough
achieved by engineers was due to their understanding of how bats
use reflected ultrasonic waves to detect obstacles. With this knowl-
edge, engineers reasoned out a technology that humans can utilize:
emitting waves, detecting reflected signals, and ultimately creating
usable radar based on this principle.

In response to the requirements of reasoning mentioned above,
within the BID educational framework, we designed a reasoning
training strategy to teach learners to implement analogy reasoning
with the help of LLMs. This strategy includes two supports to as-
sist learners in reasoning training: reasoning steps and reasoning
assistance from LLMs. These steps follow a "source -> benefits -> ap-
plication" framework, guiding learners to start their reasoning from
the "source" and its "benefits", and the goal is to explain the specific
"application". The reasoning steps are based on the solution-driven
BID process [21] and have been modified according to our frame-
work. Learners are presented with a "source -> benefits" link, but
the application part is intentionally left out. They are encouraged
to engage in the reasoning process, applying their understanding
to identify the application. The steps are detailed below:

Step 1. Identify the problems associated with the "source." Learn-
ers are tasked to investigate "what specific problems can be solved
by the ’benefits’ originating from the ’source’?". These could vary
from avoiding predator attacks to basic needs like eating or moving
objects. For instance, considering the link "elephant trunk -> strong,
flexible": the elephant, despite its large size, has a trunk that is both
strong and flexible. This allows it to handle small objects and eat,
addressing challenges in mobility and feeding due to its size.

Step2. Extract the principle from "benefits". In this step, learners
should investigate "how do the benefits practically address the
identified problems?". In the case of elephants, a strong and flexible
trunk provides a flexible method for grasping and operating, thereby
solving the problem of eating.

Step3. Identify the requirements of human. In this step, learn-
ers should consider, "how can these problem-solving solutions be
applied to real-world human requirements?". Continuing with the
previous example: humans also frequently require the ability to

grasp and operate objects, such as during medical surgeries, repre-
senting a requirement that can be addressed by solutions that are
"strong and flexible".

Step4. Find the "application". This step involves describing a
product that addresses the identified requirements. The question
is "how can the problem-solving solutions be translated into inno-
vative engineering applications?". Learners can either use existing
products as applications or describe a product that does not yet
exist. For example, a medical robotic arm can be considered as an
application reasoned from the elephant’s story.

We suggest the integration of LLMs in this educational work.
LLMs perform well at handling a wide range of language tasks,
including context-driven knowledge comprehension and crafting
tailored explanations in alignment with learners’ requirements [1].
When implementing the above steps, learners still need specific
knowledge to support them. For instance, when learners identify
the requirements in Step 1, they may be uncertain whether these
problems genuinely reflect the challenges faced by the "source". At
this point, LLMs can serve as reasoning assistants, efficiently giving
feedback on their answers. If learners struggle to form effective as-
sumptions due to knowledge gaps, LLMs can offer hints to learners
(see Table 2, Prompt 2), including the provision of suggestive words
and relevant knowledge, thereby facilitating the smooth execution
of the reasoning steps.

By engaging in our reasoning process and seeking support from
LLMs when encountering challenges, learners can bridge the mul-
tidisciplinary gap between biological solutions and engineering
applications. This process, as shown in Figure 2, enables reasoning
outcomes that are supported by theoretical foundations.

3.4 Learning evaluation strategy

To overcome the difficulties in gaining timely and comprehensive
evaluations, we’ve implemented a comparative evaluation strategy
using LLMs in our education method. This strategy ensures compre-
hensive, timely, and reliable feedback for learners while breaking
away from reliance on teachers.

When using LLMs for evaluation tasks, a common practice is to
provide benchmark answers for consistency checks [29]. In fact, if



BIDTrainer: An LLMs-driven BID Education Tool

B

Choose a Strong

BID link
elephant trunk

Reasoning steps

g

method for grasping
and operating

Identify the /—I) @
) :  problems of !

. the "source" eating or moving

' small things

Learners l

Extract 7% R\

! principle from (

0 "benefits"

o |

LLM

Hints

v — @

hint words: medical

flexible

— 3y requirements

CHI ’24, May 11-16, 2024, Honolulu, HI, USA

) —m

% Ml

Complete strong medical
the link 2) robot arm
elephant trunk flexible
Cr—m>s U
Q l’ Q :
Find the g AR
"application" — '
medical robot arm '
Identify the
of human operate small objects
e.g. surgical knives '
Hints and
feedback
Feedback o / ° i

Figure 2: The LLMs-driven BID reasoning strategy. The process starts with an incomplete link, "elephant trunks -> strong,
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these benchmarks are presented in structured forms, LLMs eval-
uation becomes even more precise, aligning closely with human
teacher grading [29]. Consequently, we adopt a comparative evalua-
tion approach, benchmarked by real-world BID cases from the "inno-
vations" section of AskNature, following the "Challenge-Biological
Model-Innovation Details (C-B-I)" paradigm. Here, “Challenge”
refers to problems in current design regarding user experience,
industrial production, engineering requirements, cost, etc. “Bio-
logical Model” refers to the biological solutions that serve as the
design source, including descriptions of biological "benefits" and
the mechanisms of "benefits" of the "source”. “Innovation Details” is
a detailed description of design ideas inspired by biology. To facili-
tate comparative assessment, learners are also required to follow
this "C-B-I" paradigm to elaborate their design schemes after under-
standing the BID triples or reasoning the BID pairs. The selected
evaluation benchmarks are consistent with the BID triple or pair
cases initially chosen by the learners. This thematic benchmarking
not only enhances the accuracy of evaluations but also serves as a
standard answer to learn.

LLMs can be guided to take on the behavior of a teacher [26],
evaluate learning outcomes, and provide feedback that is specific
to each learner’s design. For a comprehensive assessment, we in-
struct LLMs to evaluate from perspectives of novelty, quality, and
analogical rationality. Novelty and quality are standard metrics
for assessing design schemes [54], while analogical rationality is
a crucial criterion in BID, reflecting its nature as a design by anal-
ogy [20]. To ensure reliability, we utilize benchmarking and range
criteria, further validating reliability through consistency analysis
with expert scoring. Leveraging these approaches, LLMs evaluate
learners’ design schemes, assign a score, and provide a reason for
the score.

The learning evaluation strategy can be employed following ei-
ther the BID understanding strategy or the BID reasoning strategy,
embarking on a new cycle of understanding or reasoning training.
Ultimately, it is our vision to form a comprehensive educational
experience where learners combine knowledge acquisition, design
innovation, and evaluative feedback independent of teachers’ assis-
tance in BID education.
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4 BIDTRAINER

Based on the BID education method, we introduce BIDTrainer, a
novel tool designed to enhance learners’ understanding and reason-
ing skills in BID independently. We have chosen to integrate the
state-of-the-art Large Language Models (LLMs) , specifically GPT-4,
due to its abilities to handle multidisciplinary data and generate con-
textually relevant responses [46, 47]. These abilities are employed
to assist knowledge understanding, train analogical reasoning, and
provide comprehensive evaluations.

4.1 Learning support from GPT-4

Given GPT-4’s demonstrated effectiveness in educational settings,
particularly in understanding complex contexts and producing writ-
ten outputs [35], it was chosen to assist in our BID educational
strategies. The robust natural language understanding and genera-
tion capabilities of GPT-4 make it suited for providing knowledge
explanations, reasoning assistance, and scoring in a BID context.
These functionalities are integrated into our tool via GPT-4’s API?.

Knowledge explanations. For the strategy for BID understand-
ing and reasoning, learners acquire knowledge explanations by
asking GPT-4 specific questions and posing guesses in multidisci-
plinary domains. To ensure effective "learning by asking" interac-
tion between learners and the tool, GPT-4 is prompted to act as a
BID expert and to "explain BID knowledge to non-biological learn-
ers in an understandable and encouraging way." The main prompts
used are outlined in Table 2 and the complete prompts are listed
in the Supplementary Materials. To ensure that GPT-4 remains
encouraging and reliable in the interaction, we have incorporated
prompts emphasizing "encouraging the learner" and advising that
"if you are unsure about the knowledge, then simply write ’please
consult external sources or seek help from teachers.”

Reasoning assistance. In our strategy for BID reasoning, we
provide learners with reasoning steps. To assist their reasoning
at each reasoning step, we use GPT-4 in an expert role to provide
hints and feedback. If learners are stuck at a step, GPT-4 provides
corresponding reasoning hints to aid their progress. When learners
reach a conclusion at a step but are uncertain, GPT-4 gives feed-
back on their conclusions. The specific prompts for these scenarios
are listed in Table 2. To ensure that learners, rather than GPT-4,
play the primary role in reasoning practice, we have emphasized
the distinction between hints and directly revealing answers in
our prompts. Additionally, we also check whether GPT-4 is sure
about the reasoning in the prompts to enhance the reliability of the
responses.

Scoring. GPT-4 has shown higher levels of performance in au-
tomatically scoring student-written constructed responses than
other models [36]. Therefore, for the design schemes of learners
presented in the "Challenge-Biological Model-Innovation Details"
format, we employ GPT-4 in the role of evaluators to score their
schemes. Scores are graded up to ten, with GPT-4 instructed to
assign scores ranging from poor to excellent. To ensure scoring
accuracy, we have defined scoring ranges of two points each, la-
beled as "poor", "pass”, "moderate”, "good", and "excellent", as well as
provided detailed descriptions for scores fitting these ranges. More-
over, we use a few-shot learning techniques, using cases from the

Zhttp://openai.com/api/
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"innovations" section in AskNature as benchmarks which can be
scored in the "excellent" range. To clarify that GPT-4 has correctly
understood the learner’s scheme and provided a rational score, we
use guided generation prompts for GPT-4 to give comments in a
specific format, as shown in Table 2.

4.2 Implementation of BIDTrainer

We developed BIDTrainer (Figure 3), an educational tool for BID. It
consists of two educational modes: the BID understanding mode and
the BID reasoning mode. When entering the tool, all the relevant
concepts contained in the tool are thoroughly explained to users by
a tutorial video. In the BID understanding mode, learners can en-
gage in learning using either the problem-driven or solution-driven
approach. The tool follows the BID education method described
and integrates learning support from GPT-4. The user flows for
each mode are outlined below:

BID Understanding Mode: When learners select the BID un-
derstanding mode in the upper panel (Fig. 3(a)), the tool presents
the structured ontology and provides options for problem-driven
or solution-driven approaches (Fig. 3(b)). When learners choose
the problem-driven design approach, the structured case is pre-
sented as “A-> B ->S” while selecting the solution-driven design
approach results in the structured case being presented as 'S -> B
-> A". After selecting the design approach, learners freely choose a
link (Fig. 3(c)) and interact with the tool to obtain explanations for
the case. When learners engage in the interaction by applying the
"guided student-generated questioning strategy" with the tool, it
provides them with prompts based on generic questions (Fig. 3(g)).
After a thorough understanding of the case, learners are required to
elaborate their specific BID schemes in the C-B-I format (Fig. 3(i)).
Finally, the system uses the original BID case corresponding to the
chosen link as a benchmark to provide learners with scores and
specific comments (Fig. 3(j) and (k)). Thus, the tool assists learners
in understanding BID cases, problem-driven or solution-driven BID
practices, and BID evaluation, forming a comprehensive education
experience.

BID Reasoning Mode: When learners select the BID reasoning
mode in the upper panel (Fig. 3(a)), the tool presents structured
biological solutions used in BID cases, namely, "S -> B" link in the
ontology (Fig. 3(c)). After learners freely choose a link as the source
for reasoning based on their interests, they bridge the gap from
biological solutions to engineering applications using the reason-
ing steps provided by the system (Fig. 3(f)). During the reasoning
process, the tool offers knowledge explanations and reasoning as-
sistance through the dialogue interaction (Fig. 3(g)), ensuring a
smooth reasoning process and enabling learners to learn by asking.
After completing the reasoning, learners will derive an "application”
that can utilize the given biological solution to address a problem,
forming an "S -> B -> A" link. Subsequently, learners are required to
elaborate their specific proposals in the "C-B-I" format. Finally, the
system scores learners based on the original case corresponding to
the biological solution and provides specific comments. Thus, the
tool assists learners in understanding biological solutions, engaging
in reasoning, and conducting evaluation.

To address the known issue of hallucinations in GPT-4 generated
content [47], we provided learners with some usage tips to mitigate
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Table 2: The prompts used to provide knowledge explanations, reasoning assistance, and scoring

Promptl: For knowledge explanations
Prompts:  As a design learner focusing on bio-inspired design, I find some BID knowledge challenging due to my non-biology
background. Please explain the knowledge as an experienced BID teacher for me.
During our conversation, I'll be providing some guesses along with my questions. Please verify the accuracy of these guesses,
and provide additional knowledge explanations. When responding, focus on encouraging the learner, and pay close attention
to the learner’s questions and guesses. If you are unsure about about the knowledge, then simply write "please consult
external sources or seek help from teachers."
GPT-4: Sure.
Learner:  [Specific questions] + [Guesses]
GPT-4: [Encouragement] + [Knowledge explanations]
Prompt2: For reasoning assistance
Prompts:  As a design learner focusing on bio-inspired design, I'm working on reasoning an application from a biological solution.
Please assist by providing hints or giving feedback on my reasoning as an experienced BID teacher.
When I ask for hints, focus on providing relevant and helpful hints without revealing direct answers. When I ask for feedback,
I'll be providing some answers along with my questions. When responding, pay close attention to the learner’s questions
and answers. If you are unsure about about the reasoning, then simply write "please consult external sources or seek help
from teachers"
GPT-4: Sure.
Learner:  [Questions from reasoning steps] + I need some hints, please.
GPT-4: [Hints]
Learner:  [Questions from reasoning steps] + [Answers]
GPT-4: [Feedback on the answers]
Prompt3: For scoring
Prompts:  As a design learner focusing on bio-inspired design, I've developed a design scheme but need help evaluating it. Please, as an
experienced BID evaluator, grade my design based on quality, novelty, and analogical rationality.
The scoring is out of 10, ranging from poor to excellent. The detailed descriptions for each scoring range are as follows: ...
Here’s an example of a design case rated as excellent for reference: [A BID case from AskNature in C-B-I format]
Please give the score and comments on it in the following format: 1.Score; 2.Strengths; 3.Innovation details; 4.Areas for
improvement.
GPT-4: Sure.
Learner:  [Learner’s design scheme in C-B-I format]
GPT-4: [Score] + [Comments]

the impact of the hallucinations on learning. Firstly, learners were
briefed about the possibility of encountering hallucinations in the
interaction with GPT-4. Furthermore, we encouraged the imple-
mentation of Chain-of-Thought prompting techniques (Fig. 3(h)), as
these have been proven to enhance GPT-4’s reasoning capabilities
[68]. Additionally, a feedback mechanism for GPT-4 generated an-
swers, as illustrated in Fig. 3(g), includes three interactive elements:
a thumbs-up button, a thumbs-down button, and a regenerate but-
ton. Learners are allowed to express their satisfaction with GPT-4
generated answers by clicking the thumbs-up, or their dissatisfac-
tion by clicking the thumbs-down. Besides, they have the ability
to request the regeneration of these answers by selecting the re-
generate button, further tailoring the interaction to their learning
preferences and needs.

5 USER STUDY

We conducted a comprehensive evaluation of BIDTrainer through
a series of user studies to discover the tool’s effectiveness in aiding

learners’ understanding, reasoning, and evaluation in BID. The
subsequent sections describe the participants’ characteristics, the
experiment procedure, the assessment of the experiment and the
corresponding results.

5.1 Participants and settings

Recruitment was conducted via online and on-campus events, tar-
geting primary users of BIDTrainer. This included a diverse group
of participants: learners, design researchers, and in-service design-
ers, among others who need to learn BID. The aim was to represent
a wide range of BIDTrainer’s potential user base to ensure that our
study’s findings would be relevant and beneficial to the broader de-
sign learning community. All participants had the necessary prior
experience with LLMs, ensuring familiarity with interactions with
the LLMs in BIDTrainer. Each participant spent about 30 minutes
and was compensated with 30 CNY. The detailed characteristics of
the participants are presented in Table 3. Additionally, we recruited
five PhDs in design with BID expertise as experts to evaluate the
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Table 3: Characteristics of the participants in our study

Sample ratio of participants

Gender
Female
Male
Occupation
Student
Researcher
In-service designer
Degree
Industrial design
Mechanical design
Architectural design
Other design related
Learning year about design
Less than two years
Two to four years
More than four years
Usage of LLMs
Daily
Weekly
Monthly

62.50% (N=50)
37.50% (N=30)

65.00% (N=52)
27.50% (N=22)
7.50% (N=6)

78.75% (N=63)
7.50% (N=6)
3.75% (N=3)
10.00% (N=8)

10.00% (N=8)
63.75% (N=51)
26.25% (N=21)

37.50% (N=30)
37.50% (N=30)
25.00% (N=20)

participants’ outcomes during the experiments, compensating them
80 CNY each.

80 participants were divided into two parts, with each part con-
sisting of 40 participants undertaking different experimental tasks.

e Part 1 (25 females, 15 males) conducted the experiment about
understanding.

e Part 2 (25 females, 15 males) conducted the experiment about
reasoning.

Five experts actively conducted the experiment about evaluation.

During the experiments, participants were divided into two
groups: the experimental group utilized BIDTrainer for BID training,
while the control group engaged in current BID learning methods,
consisting of unguided exploration through BID-specific websites
like AskNature and general search engines like Google. Partici-
pants in the control group could freely browse articles related to
biology, the summary descriptions presented by search engines
on search pages, and even some specialized knowledge websites.
Consequently, this constitutes an equitable baseline, mirroring the
real-world learning context for learners. To ensure a representative
and unbiased distribution, participants were subjected to a multi-
step stratified random sampling process, considering multiple lay-
ers such as gender, occupation, and learning years about design.
This approach effectively balanced key characteristics across the
experimental and control groups, maintaining the diversity and
comparability essential for the validity of our experiment results.
Subsequent to their interactions with the tools, we assessed their
learning performance to evaluate the efficacy of BIDTrainer in facil-
itating understanding and reasoning in BID. Additionally, experts
evaluated learners-generated design schemes, providing a measure
to verify the accuracy of BIDTrainer’s learning evaluation.
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5.2 Experiment procedure

Participants received an instructional session about the BID’s ba-
sic concepts, including problem-driven and solution-driven ap-
proaches, and the "S -> B -> A" (for BID understanding) or the
"S -> B" (for BID reasoning) links. To facilitate the use of the BID-
Trainer, participants assigned to the tool also received a BIDTrainer
tutorial. The study was segmented into three experiments:

Experiment about understanding: A between-subject user study
was conducted to assess BIDTrainer’s effectiveness in assisting BID
case understanding. Participants in both groups were presented
with the same "S -> B -> A" link of "dragonfly’s wings -> small size,
lightweight, high efficiency -> aircraft construction” and tasked
with understanding it. The experimental group used the BID un-
derstanding mode of BIDTrainer. In contrast, the control group
employed a baseline method where they freely inquired from BID-
specific websites or general search engines to resolve their ques-
tions related to the knowledge of the link. After 15 minutes, their
understanding was assessed through a quiz.

Experiment about reasoning: Another between-subject user study
was to assess BIDTrainer’s effectiveness in enhancing analogical
reasoning in BID. Participants were presented with the same "S ->B"
link of "dragonfly’s wings -> small size, lightweight, high efficiency"
and tasked with reasoning potential applications. The experimental
group utilized the BIDTrainer, while the control group relied on the
baseline method to seek for reasoning assistance such as searching
for existing cases to acquire inspirations. Unlike the set duration in
the previous experiment, this task had an open-ended timeframe,
allowing participants to take the necessary time to formulate their
reasoning. Once completed, participants submit their reasoning
outcomes for expert assessment.

Experiment about evaluation: An inter-rater reliability study was
conducted to verify BIDTrainer’s accuracy in evaluating learners’
design schemes, which are their learning outcomes. The learn-
ers’ design schemes were proposed by participants who used BID-
Trainer in the experiment about understanding, ensuring the evalu-
ated schemes were from users who had a comprehensive experience
with the tool. Participants submitted their "C-B-I" format design
schemes, evaluated by both BIDTrainer and experts. The scores
obtained from them were subsequently recorded to conduct a con-
sistency check.

After the experiments, we conducted feedback interviews with
the 40 participants in the experimental group to understand partic-
ipants’ experiences and views on BIDTrainer’s impact.

5.3 Assessment

5.3.1 Quality of BID understanding. A quiz was formulated to
assess learners’ understanding of content from a specific BID case
understanding. This assessment comprises nine questions, divided
into four multi-choice questions with single answer (2 points for
each question), three multi-choice questions with multiple answers
(2 points for each question), and two short-answer formats (6 points
for each question), summing up to 26 points. The goal of the quiz is
to assess whether the participants have acquired a comprehensive
understanding of the knowledge provided in the link. Some of
the quiz questions are presented in Table 4. Choice questions are
designed to assess foundational knowledge, such as determining
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Table 4: Examples of questions from the quiz, and see the complete quiz in the Supplementary Materials

Question type 1:

multi-choice questions with single answer

If an airplane is designed to be as agile as a dragonfly, what are its main advantages?

Question:
Choices: A. Extended continuous flight duration.
B. The ability to carry larger loads.
C. Slightly complex but efficient maneuvers.
D. capability for flying missions in high altitudes.
Right choice: C

Question type 2:

multi-choice questions with multiple answers

The flight mechanism of dragonfly wings can be used as research material for which fields?

Question:
Choices: A. Fluid Dynamics
B. Microstructure Control
C. Biological Populations and Ecological Environments
D. Energy Management and Applications
Right choices: A,B,D

Question type 3:

short-answer

Question:

Standard answers:

Summarize the reasons for the small, lightweight, and efficient characteristics of dragonfly wings. (Please provide
your answer in a list format.)

Dragonfly wings are made of a series of adaptive materials, which form a very complex composite structure. This
bio-composite fabrication has some unique features and potential benefits.

Light performance of dragonflies is one of the examples of nature’s efficiency. Dragonflies can fly forwards, backwards
and sideways.

Dragonfly’s fore and hind wings are controlled by separate muscles, and a distinctive feature of the dragonfly’s wing
movement is the phase relation between those wings during various maneuvers. When hovering, the fore and hind
wings tend to beat out of phase; during takeoff, they tend to beat closer in phase.

All mentioned characteristics in this paper indicate a highly efficient, lightweight, small size and reliable wing

system.

the definition of "benefits" and comprehending the relationship
between "source" and "benefits". All correct choices are derived from
articles on AskNature to ensure credibility, while the other choices
are intentionally misleading incorrect answers. Participants earn 2
points for choosing the correct choices. However, if they pick any
wrong choices, they are awarded 0 points, reducing participants’
motivation to guess.

The short-answer questions delve into a deeper understand-
ing, prompting participants to articulate the connection between
"source” and "benefits" and contemplate potential applications of
the material. A dual grading mechanism is used in these questions.
Each subjective question can earn up to 6 points, based on three
standard answers from AskNature. Participants are advised to struc-
ture their answers in separate sections. Each section that matches
the intended answer grants them 2 points. However, considering
AskNature is a comprehensive open-source platform, it still might
not list every possible answer. Participants receive 1 point for any
practical and relevant answers, even if they differ from the standard
ones. The answer of subjective questions of our participants are
scored by two experts. The two sets of scores demonstrated good
consistency (Intra-Class Correlation Coefficient (ICC) = 0.90 > 0.75).
For each participant, we used the average of these two scores as
the final subjective score.

5.3.2  Quality and efficiency of BID reasoning. The main goal of
this assessment was to measure both the quality and efficiency
of learners when using the BIDTrainer tool for reasoning. The
assessment comprises two main components: the quality of the
results and the time consumed for reasoning.

Experts with a deep understanding of bio-inspired design were
invited to evaluate the quality of the applications output by par-
ticipants. The quality scores focus on three key areas: quality [54],
novelty [54], and analogical rationality [20]. Each application is
scored on a 5-point Likert scale. Furthermore, during the process
of BID reasoning undertaken by all participants, we documented
the time they expended on the reasoning tasks to compare the rea-
soning efficiency between the experimental group and the control

group.

5.3.3 Validity of learning evaluation. The primary objective of this
assessment was to determine the validity of LLMs-driven evalua-
tions of BID designs using BIDTrainer. Specifically, the focus was
on comparing the alignment between expert evaluations and those
generated by GPT-4, an integral component of BIDTrainer.

To standardize the control variables of the experiment, both ex-
perts and GPT-4 assessed learners’ schemes in the same manner.
The task description provided to the experts matched the prompts
given to GPT-4, as shown in Table 2. The experts were tasked to
evaluate the design schemes proposed by 20 participants from the
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external group in the experiment about understanding who had
completed the design process using BIDTrainer. The evaluation
criteria focus on quality, novelty, and analogical rationality. Each
design scheme was scored on a scale of 1 to 10, with higher scores
indicating better design. To ensure consistency and reduce sub-
jective biases, experts were instructed to score within predefined
ranges. Additionally, during the evaluation process, we provided
cases extracted from AskNature as benchmarks.

5.4 Results

Learners achieved higher scores in the understanding quiz and
demonstrated greater efficiency in the reasoning process interac-
tively. Moreover, the evaluations generated by the tool were consis-
tent with the experts. To statistically analyze each measure under
different conditions, we first conducted a Shapiro-Wilk test to de-
termine if the data was parametric or non-parametric. Then, to
compare between conditions, we used a paired t-test (if parametric)
and a Wilcoxon signed-rank test (if non-parametric).

54.1 Quiz score. In the quiz with a total score of 26 points, partici-
pants in the experimental group using our tool performed better (M
=17.0, SD = 2.8) compared to participants in the control group (M =
13.0, SD = 3.4). The experimental group’s scores were significantly
higher (p < 0.001, statistically highly significant), in both subjective
questions (p = 0.003 < 0.01, highly significant) and objective ques-
tions (p = 0.003 < 0.01, highly significant). The results are shown in
Figure 4.

The superior performance of the experimental group in the quiz
is attributed to the content and format provided by GPT-4. During
the experiment, as participants explored knowledge within the tool,
they posed questions about the structure and habits of "dragonfly”.
GPT-4 responded to these inquiries, offering correct, extensively
covered, and systematically organized answers. Furthermore, as a
large language model, GPT-4’s output inherently possesses char-
acteristics of summarization and synthesis, aligning well with the
format of our subjective questions. This seemingly facilitated the ex-
perimental group’s performance in subjective questions. In contrast,
participants in the control group had to consider how to search
within search engines (keywords, sentence structures, etc.). After
obtaining search results, they had to filter information based on
the result pages. This made the search process in the control group
appear aimless.

Another evident result is that the performance of the experimen-
tal group was more stable than that of the control group (SD = 2.8
vs SD = 3.4). Although the interactive explanations generated by
GPT-4 vary each time, the knowledge involved in these explana-
tions is often consistent, ultimately resulting in similar learning
outcomes for the learners. However, the search tools used by the
control group produce entirely different results due to minor varia-
tions in the search process, leading to diverse learning content for
learners and, consequently, inconsistent performance in the quiz.

5.4.2  Quality and efficiency of reasoning. When analyzing both the
experimental and control groups in terms of quality and efficiency
(time spent, unit: minutes) on reasoning tasks, the focus was on their
mean performance before examining statistical significance through
a paired t-test. For quality, the experimental group demonstrated
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a quality score slightly higher than the control group (M = 3.1 vs
M = 3.0). In terms of efficiency, the experimental group completed
their tasks notably faster than the control group (M = 5.9 minutes
vs M = 9.2 minutes). With regard to the statistical significance, the
time efficiency difference was evident: the time efficiency difference
between the groups was statistically significant (p = 0.006<0.05),
indicating the faster completion of the experimental group. When
considering the quality of reasoning, even though the experimental
group had a slight advantage over the mean score, this difference
was not statistically significant (p = 0.71). These findings are further
detailed in Figure 5.

From the result, it is clear that even within the context of tool
assistance, the process of analogy reasoning remains predominantly
human-driven, with GPT-4 serving as an assistant to provide hints
or feedback. The results of BID reasoning depend on the long-term
educational background and accumulated knowledge of learners.
For instance, in practical BID education, learners with backgrounds
in engineering tend to propose reasoning results within the en-
gineering domain, whereas design background learners are more
inclined to imitate external forms. Given this, short-term tool assis-
tance and additional knowledge from GPT-4 may not change the
thinking mode of learners, and thus, may not improve the quality
of their reasoning instantly. However, our reasoning steps reduce
the cognitive burden on learners, making it easier for them to get
appropriate applications. Participants mentioned during interviews
that the generic questions presented in the tool “helped me identify
the questions I want to ask, reduce my cognitive stress, and enhance
my efficiency” Consequently, during the reasoning training, par-
ticipants with GPT-4 as an assistant completed tasks more swiftly,
achieving more efficient reasoning.

5.4.3 Consistency between expert and LLMs evaluations. A correla-
tion analysis was conducted to determine the consistency between
the evaluations provided by GPT-4 and human experts. The scores
from the experts and GPT-4 revealed a strong correlation (The two-
way random Intra-Class Correlation Coefficient (ICC) = 0.81 > 0.75).
This correlation suggests that within the BIDTrainer framework,
GPT-4 is able to perform with human expert scoring patterns, offer-
ing insightful feedback on the design schemes of the learners. As a
result, learners can gain timely and accurate feedback from GPT-4.
These scores are further visualized in Figure 6. More evaluation
details are included in the Supplementary Materials.

The scores generated by GPT-4 are generally higher compared
to human ratings, as reflected in the higher average values (M =
7.10 vs M = 6.47) and max scores (Max = 9.00 vs Max = 8.40) of the
evaluation data. The reason for this pattern could be observed from
GPT-4’s specific explanation regarding its scoring strategy. At the
explanation, it determines if a learner’s scheme is aligned with the
designated "C-B-I" format, ensuring that both the challenge and bi-
ological model match with factual correctness. Once these matches
are met, a base score of roughly 6 points is granted. Thereafter, GPT-
4 shifts its focus to the quality, novelty, and analogical rationality
of the scheme, gradually adjusting the initial score. Conversely,
human experts delve directly into the metrics and potential impact
of the scheme, leading to potentially wider scoring variances.

Taking the design scheme in Figure 7 as an example, GPT-4 gave a
score of 6, with the reason being "this design addresses the challenge
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Figure 4: Results of the quiz score. Small dots refer to individual cases, while large dots represent the average value. **, *, and ns
indicate significance of p < 0.01, p < 0.05, and p > 0.05, respectively.

of high energy consumption for drones" and "utilizing the dragonfly
wing structure is an innovative approach". Regarding the scheme’s
shortcomings, GPT-4 pointed out that "more specific details on
how the vein structure of dragonfly wings needed." In contrast,
human experts, who prioritize the quality, novelty, and analogical
rationality of the scheme, gave an average score of 4.6, labeling
it as "pass". This trend points to GPT-4’s pattern of assigning a
foundational score even to proposals that may not be as refined,
resulting in marginally higher average scores.

5.4.4 Interview analysis. We conducted a qualitative analysis of
the data obtained from interviews. Two of the authors employed
inductive analysis to code the data, while the other authors reviewed
the coding results. According to the interview data and coding
results, a notable observation was the ease and independence that
learners felt when interacting with the tool. Feedback from these
interactions highlighted the supportive role of the tool. Phrases
like, “I no longer hesitate to ask basic questions in front of the tool,”
were common. Our tool was also described as “an encouraging
mentor without obstacle” This may be due to our prompts (see
Table 2, Prompt1) that induce GPT-4 to provide positive feedback
to learners, pushing them to explore further.

Discussing the content, participants emphasized the tool’s pro-
vision of itemized explanations of biological knowledge (see the
detailed outputs of the tool in the Supplementary Materials), of-
ten described as "detailed,’ "comprehensive, and "structured.” They
noted these explanations break down complex biological concepts
into "easily understandable" segments.

Some feedback from the interviews pointed out shortcomings
in the content generated by the tool. Two participants mentioned
that the answer information generated by the tool was incomplete.
For example, if the questions are not asked in the order of "source
-> benefits -> application’, the tool may overlook the relevant in-
formation. In fact, while the answers generated by GPT-4 were
generally insightful, they could occasionally miss niche knowledge
in specialized domains.

6 HALLUCINATION EVALUATION

As LLMs, including GPT-4 can generate hallucinations, such as
incorrect or nonsensical information [39], we examined its poten-
tial impact on BID education. Specifically, we analyzed two types
of GPT-4 generated textual answers in our tool: knowledge expla-
nations and reasoning assistance. The other support provided by
GPT-4, scoring, has already been verified in the experiment about
evaluation and will not be repeated here.

6.1 Method

6.1.1 Test data collection. To assess GPT-4’s application in knowl-
edge explanations, we collected test data (N = 48). For design ap-
proaches, we covered both problem-driven and the solution-driven
approaches, specifically represented as the "A ->B -> S" and "S ->
B -> A" links, respectively. For each approach, we extracted two
links from the "innovation" section in AskNature (total of four
links). For each link, we selected three question domains covered
by the "guided student-generated questioning strategy" in section
3.2: biology, biology & engineering, and engineering, with six, four,
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and two generic questions, respectively. Learners provided specific
questions and guesses to generate answers, simulating real tool
interactions, resulting in 48 QA pairs.

To evaluate GPT-4’s application in reasoning assistance, we col-
lected test data (N = 32). We extracted four "S -> B -> A" links from
AskNature’s "innovations" section and modified them to "S -> B"
links by concealing the "application" aspect. For each link, we chose
four steps covered by the reasoning steps outlined in section 3.2.
For each step, two types of reasoning assistance were analyzed,
which included feedback and hints, resulting in 32 QA pairs.

6.1.2  Procedure. Inspired by human evaluation methods commonly
used in hallucination assessment for generative question answering
[27], we employed four human evaluators with PhDs in design or
biology (three majored in design and one majored in biology) to
score QA pairs. They looked at questions posed by learners as well
as the answers of GPT-4, rating each answer on a 5-point Likert
scale for factual correctness which is widely used in measuring the
faithfulness of the generated answer reflecting its hallucination [74].
To ensure accuracy, they are encouraged to conduct fact-checks
using external sources. Each evaluator reviewed 48 knowledge ex-
planation QA pairs and 32 reasoning assistance pairs, dedicating
around 90 and 60 minutes respectively, with a compensation of 170

CNY. The overall inter-annotator agreement on these metrics was
considered fair (Intra-Class Correlation Coefficient (ICC) = 0.411).

6.2 Results

In short, the hallucination evaluation demonstrates that GPT-4’s
answers exhibit a high level of factual correctness, as rated on a 5-
point Likert scale. The scoring results of the generated answers are
detailed in Table 5. Employing the qualitative scoring methodology
described in Han [17], GPT-4’s factual correctness in both knowl-
edge explanations (score = 4.07) and reasoning assistance (score =
4.27) is rated as "excellent" (scores ranging from 4 to 5). Additionally,
the hallucination rate, indicating the percentage of answers scoring
below 3 on a 5-point scale where scores below 3 represent partially
or entirely incorrect answers, is listed. Notably, the hallucination
rates in both knowledge explanations (9.38%) and reasoning assis-
tance (6.25%) are below 10%, indicating that a minority of answers
are factually incorrect. Consequently, the performance of GPT-4 in
generating correct knowledge explanations and providing reason-
ing assistance is considered competent for educational purposes in
BID.



CHI ’24, May 11-16, 2024, Honolulu, HI, USA

Chen et al.

Scheme ID

Range
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
10
9 1 Execellent
8 y ‘ \
o | ®
i [ J 4 [ ) |
7 } | i Good
| L ] . \ ° \
4 1 @ | |
o }y [ ] ® !
6 | ) PY )
® ®
e
35 P ® | Moderate
(] ® [
4
3 Pass
2
1 Poor
0
GPT-4 Evaluation Results @ Expert Evaluation Results

Figure 6: Results of scoring. The intervals corresponding to different score ranges are indicated on the right side of the image.

BID Understanding BID Reasoning BID Understanding BID Reasoning
° °

Choose alink Learn by asking Elaborate the design Get the learning evaluation
*5-8-A" link *C-8-1" elaboration
SO Challenge:
ragonfly's . .
Wings The current design may have a problem with high energy consumption.
mall siz " .
Iightawesigﬁ't Biological model:
high efficiency Dragonfly wings are lightweight and small in size, which can increase flight efficiency;
l due to their lightweight and small size, dragonflies require less eneray to flap their wings.
Aircraft X i
construction Innovation details:

Drones could imitate the vein structure of dragonfly wings to create a wing design that
reduces the energy consumption of wing rotation, thereby improving flight efficiency and
reducing energy consumption.

(1) Design scheme elaborated by a learner

Choose a link Learn by asking Elaborate the design Get the learning evaluation

Your score Comments
Strengths: the design directly addresses the challenge of high energy consumption in drones, a crucial factor
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Drones can be useful to deliver packages with essential supplies to areas that may be dangerous or difficult to reach such
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maneuverability. Additionally, heavy drones require more material, cost more, and consume more energy.
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cruising, One efficiency-saving feature is the large, light, corrugated wings that make up less than 2% of the machine’s
weight. These lightweight wings maximize the amount of instantaneous control the actuators have over the wings...
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(2) Learning evaluation generated by the tool

Figure 7: An example of a design scheme proposed by a learner, accompanied by a learning evaluation generated by the tool

However, as Figure 8 illustrates, the factual correctness score is
significantly low in the cross-disciplinary field of "biology & engi-
neering" within knowledge explanations. For instance, in a QA pair
that all four evaluators scored at or below three points: GPT-4’s
response to the question, "How can the low permeability of cork
oak be used in the design of gas and liquid valves?" mentioned the
feasibility of using a gas layer as a seal to prevent gas or liquid
leakage. As evaluator 2 pointed out, gas as a sealing material is
not stable enough for high-standard engineering applications like

valves, making it impractical for such uses. The hallucination is-
sue becomes more severe when answering questions in the field
of "biology & engineering" due to the nature of cross-disciplinary
queries that often need reasoning capabilities and rely on experien-
tial knowledge, extending beyond mere factual recall.

To reduce the impact of hallucinations on learning, we have
implemented a set of tips for users interacting with GPT-4 in our
tool. Before using the tool, learners are informed about the potential
for encountering hallucinations. In addition, during the usage of
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Table 5: Scoring results for factual correctness of answers generated by GPT-4 in knowledge explanations and reasoning

assistance.
Knowledge explanations Reasoning assistance
Evaluator 1 4.25 4.69
Evaluator 2 4.04 4.41
Evaluator 3 4.50 431
Evaluator 4 3.21 3.31
Mean 4.07 4.27
Hallucination rate  9.38% 6.25%
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Figure 8: The results of factual correctness scores in hallucination evaluation, categorized by the types of QA pairs. **, *, and ns
indicate significance of p < 0.01, p < 0.05, and p > 0.05, respectively

the tool, we encourage the use of Chain-of-Thought prompting
techniques. Furthermore, we also established a feedback mechanism
for GPT-4 generated answers.

7 DISCUSSION

In this section, we discuss how our tool can potentially improve
collaborative learning in BID. We also explore the broader imple-
mentations of our LLMs-driven BID education tool, its applicability
beyond the field of BID and the educational contexts. Furthermore,
the limitations and future prospects of our approach are described.

7.1 LLMs-driven BID education tool for learner
teams

When co-learners and teachers are unavailable, our tool can as-
sist learners in collaborative learning for BID, providing a more
meaningful learning experience. BID often entails cross-disciplinary
collaboration, where experts from diverse fields collaborate to study
biological systems, extract principles, and apply them to design so-
lutions [66]. When learners collaborate remotely with co-learners,
the tool can assist in understanding BID knowledge, practicing BID
reasoning, and offer precise assessment feedback through interac-
tion in the platform. Our tool can potentially enable learners to
train their BID skills through collaboration whenever they require
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it, which can also enhance their communication and cooperation
abilities. This provides an effective case of human-LLMs collabo-
ration that demonstrates cooperation among humans as well as
between human and LLMs.

7.2 Beyond BID and Beyond education

While our tool primarily focuses on BID education, we believe that
our education method can be generalized to support other areas
of design education. We have introduced a BID education method
driven by LLMs. This method supports case learning, cognitive
training, and evaluation benchmarked by cases. The conceptual
foundation of this education method, which combines case learning
with cognitive training and provides comparative evaluation, is also
applicable to various design education domains that require the
accumulation of cases and cognitive skills.

Our tool can significantly enhance the efficiency of understand-
ing cases and reasoning while providing interactivity. Beyond sup-
porting BID education, this functionality can be extended to enable
more efficient BID. In the context of design practice, our tool can
efficiently facilitate the understanding of BID cases and analogical
reasoning through knowledge explanations and reasoning assis-
tance. Additionally, through interactions between users and LLMs,
such as the implementation of the "guided student-generated ques-
tioning strategy" for knowledge explanations, the tool enhances
the user experience. While current LLMs-driven BID tools mainly
emphasize the efficiency of finding solutions [59], our approach can
improve user interactivity and design efficiency through human-
LLMs collaboration.

7.3 Limitations and Future Work

Our work is based on LLMs which demonstrate robust generaliza-
tion capabilities and natural language understanding ability [37].
However, they may also exhibit hallucination phenomena, wherein
outputs do not match the factual realities[28]. Such hallucinations
typically arise when LLMs are queried about topics not covered in
their training data [40] or when there are errors in the input data
[50]. We have decreased the likelihood of hallucination effects by
utilizing the model with better performance (GPT-4), but as shown
in our evaluations, we still observed that the outputs of GPT-4 oc-
casionally contain minor factual inaccuracies. Additionally, while
our user study has indicated a high degree of consistency between
GPT-4 and human experts, a potential risk persists when relying
on results generated by GPT-4 for tasks that require a high level
of reliability, such as evaluating learners’ designs. To mitigate this,
future work could focus on various methods to prevent potential
hallucinations. One approach could involve deploying real-time
textual semantic detection models to identify hallucinations in LLM
outputs. Additionally, incorporating feedback from experts in the
BID field could be crucial in refining GPT training. This feedback
would be instrumental in enhancing the quality of generated con-
tent and could play a significant role in safeguarding learners from
the long-term impact of hallucination effects.

Besides, our tool is primarily designed to assist in learning BID
knowledge and methods, enabling learners to develop conceptual
design. However, its utility is somewhat limited when it comes to
the subsequent stages of engineering practice. For example, while
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learners can generate innovative concepts in textual format, the
tool does not currently support the translation of these ideas into
sketches or models. Additionally, it lacks features for conducting
simulations, usability testing, and transforming BID concepts into
tangible products. As an educational tool, our focus has been more
on the initial stages of conceptualization rather than providing a
comprehensive platform for all stages of BID practice. Future work
could explore and integrate advanced technologies and theories,
such as leveraging LLMs and diffusion models. These enhancements
could potentially support learners not only in the creation of BID
concepts but also in testing, refining, and realizing these concepts
in more practical, applicable forms.

8 CONCLUSION

In this research, we introduced an LLMs-driven BID education
method, aiming to tackle the multidisciplinary challenges in enhanc-
ing BID understanding and reasoning. As a practical application of
this methodology, we developed BIDTrainer, an LLMs-driven tool
designed to facilitate interactive learning in BID. Our findings show
BIDTrainer’s effectiveness in enhancing learners’ understanding
and reasoning skills in BID, particularly in its ability to align closely
with teacher evaluations. BIDTrainer exemplifies how LLMs can
be integrated into educational tools to foster both interactive and
efficient learning. As LLMs continue to evolve, their integration
into tools like BIDTrainer will be instrumental in advancing BID
education.
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