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Abstract: This paper discusses the investigation of a Concept-Knowledge (C-K) theory based approach
for generating innovative design solutions in bioinspired design projects. Undergraduate students
enrolled in sophomore engineering design courses at both the University of Georgia (UGA) and
James Madison University (JMU) completed bioinspired design projects using C-K theory based
templates. Hypothesis testing, principal component analysis (PCA) and support vector machine
(SVM) techniques were applied on the students’ performance scores of a C-K theory based bioinspired
design process to identify the biomimicry attributes which supported the evolution of innovative
design solutions. Results from the analysis suggest that the C-K theory based approach is useful for
generating innovative design solutions.
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1. Introduction

Design engineering research communities are paying increased attention to developing new
strategies that result in more creative and innovative design solutions [1]. Several empirical and
analytical studies have modeled key aspects involved in developing creative and innovative solution
spaces in the engineering design process. Some of the research investigations revealed that developing
a relationship framework model that connects the design problem, scientific knowledge and solution
space by analysis, synthesis and evaluation activities would help to refine and structure the design
process to obtain creative and innovative design solutions [2–5]. Further, new and emerging
methodological frameworks such as bioinspired design processes were also identified as potential
techniques for generating innovative design solutions from biological systems to address various
engineering design problems [6,7].

Several unique characteristics of bioinspired design process which stimulate innovation
and creativity in design solutions have been identified including interdisciplinary subject-matter,
representation of themes, objects and relations with different terminology, expression of design
problems and solutions in different perspectives, complex and multifunctional biological design aspects
and contrast in resource domains [8]. In spite of its many interesting characteristics, the bioinspired
design process is still lagging in systemizing the analogical retrieval of biological knowledge and
transferring the same into design solutions [9]. Hence, investigations focusing on systematic approaches
in bioinspired design are increasing in number to address the issues related to the development of
bioinspired design engineering models. These models focus on obtaining innovative design solutions
for engineering design problems by mapping the design process through the collection, integration
and analysis of biological knowledge and information using various tools and techniques [10–12].
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Computational and framework-based approaches have been used in the bioinspired design process
literature, to develop design process models. In a computational based approach, a function-based
model was employed to obtain innovative concepts or design solutions with the integration of
engineering and biology thesauruses with organized search tools [13,14]. In a framework-based
modeling technique, the relationship between biomimetic and management theory was explored
and the impact of market orientation, entrepreneurial orientation, technology orientation, learning
orientation and networking orientation was analyzed to design innovative products and services [15].
These researchers investigated the concept generation process in the context of ideas, analogy, blending
and so on and emphasized the importance of the knowledge structure in the concept generation process.
Design engineering researchers also attempted to uncover the logic of the creative process in design
engineering with a structure of two spaces and developed a new theory called Concept-Knowledge
(C-K) theory [16,17]. Further, to illustrate and to map the roles of biological and scientific knowledge
in the bioinspired design processes, a C-K theory based bioinspired design process model has also
been proposed [18–20]. This model was represented as a series of steps involving activation of
biological knowledge, expansion of biological and traditional knowledge, exploration of the traditional
knowledge and concepts, and portioning and integration of traditional knowledge space to define a
solution path. Attempts were made to explore the C-K theory based bioinspired design process model
through the teaching – learning process in undergraduate bioinspired design engineering courses
using qualitative analysis techniques. It was found that the C-K theory based bioinspired design
process resulted in significant student learning and engagement [21–23].

In the context of addressing the research gap in demonstrating the capability of the C-K theory
based bioinspired design process to produce innovative design solutions and to define design paths
more elaborately with statistical and deep learning techniques, we developed a linear combination
model with biomimicry and design engineering attributes and tested the following hypotheses:

Hypothesis 1. The C-K theory based bioinspired design process model has significant transferability for use
across different institutions.

Hypothesis 2. The C-K theory based bioinspired design process model has significant capability to produce
innovative design solutions.

Hypothesis 3. The C-K theory based bioinspired design process model has significant capability to define a
design process.

Hypothesis 1 was framed to demonstrate the proposed model’s capability in obtaining innovative
solutions from the users of different institutions and universities. Hypotheses 2 and 3 were formulated
to demonstrate and to describe the model’s capability to produce innovative solutions and also to
define design paths.

2. Methods

2.1. C-K Theory Based Bioinspired Design Process

The design process model used in our research investigation is based on the C-K theory approach
for innovative design solutions which modeled the dynamics of the design process as a joint-expansion
of space objects [16]. In our model, the design concepts and solutions were developed by the reasoning
and logical thoughts provoked by biological and traditional knowledge. The entire model was
constructed with two major distinguishable spaces namely concept (C) and knowledge space (K)
and with their expanded sub spaces. The subspaces in C & K space would initiate the process of
inquiring into the biological system, obtaining design concepts by mimicking biological systems,
controlling the evolution of design solution from problem definition and helping to define the design
path. The subspace designated as C0 in C-space would help to define the design problem and would
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act as a place of origination to start the design solution evolution process. The other C-subspace
C1 would act as a bridging space with details for the development of design concepts in concept
subspace C2 by inheriting its properties from the traditional and biological knowledge space objects.
The subspace labeled C3 would represent the bioinspired design solution as a result of interaction of
properties of all the objects in C and K spaces. The properties of association and relations enabled
information flow between subspaces that inherited their properties from design and knowledge space
objects. Similarly, the knowledge space of our model was constructed with traditional and biological
knowledge subspaces. The traditional knowledge subspace in knowledge space derived its properties
from similar or the same class of design solutions, or the scientific methods used for solving design
problems. The biological knowledge subspace was defined with the unique property that encapsulates
the required biological information to exhibit innovative design solutions. In the entire mapping
process of concepts and knowledge, the integration and association of subspaces was portrayed by four
operations, namely, expansion of knowledge space, expansion of the concept space, concept generation
from knowledge, and knowledge generation from concepts. Four C-K operators were used to describe
these operations. The design concept evolution of bioinspired design process from concept subspace
is described with C→C operators. The knowledge resulting from knowledge spaces is represented
by K→K operators while the relationship between knowledge spaces and concept spaces is mapped
by K→C and C→K operators [24]. The evolution of a bioinspired design solution in C-K space as
described above is illustrated with an example case in Figure 1 for the design task of developing a
mechanism for a self-propulsion system. In order to investigate the capabilities of the C-K theory
based bioinspired design process to produce innovative solutions, we conducted statistical analyses on
student performance scores on this task as discussed below.
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Figure 1. Example of bioinspired design solution in Concept-Knowledge space.

2.2. Motivational Data for Statistical Analysis

A bioinspired design course that familiarizes engineering undergraduate students with
bio-inspiration concepts to solve design problems was introduced to sophomore engineering students
at James Madison University (JMU) and the University of Georgia (UGA). As a part of their course
work, the students were asked to map the bioinspired design process of a self-propulsion system using
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the C-K theory-based bioinspired design process model described in the previous section. The number
of students, who completed this project, were nj = 53 at JMU and nu = 48 at UGA. We decided to
evaluate all the student performance on this design project work following an evaluation protocol.
Based on student’s performance on biomimicry and design engineering attributes, score values on
an ordinal scale were assigned to each attribute and a data matrix for the analysis was developed to
carryout statistical analyses.

2.3. Evaluation Protocol for Design Performance

As the main aim of our study was to examine the role of C-K theory based bioinspired design
process in producing innovative design solutions and to understand its characteristics, the analysis of
student performance was carried out on two major aspects: biomimicry process aspects and engineering
design aspects. Further, for the effective analysis of student performance, various biomimicry and
design engineering process attributes were defined as part of a performance measurement protocol
that would conceptualize the design as a framework with attributes which would elaborate bioinspired
design solution evolution aspects.

The biological and natural systems have enormous information and knowledge for solving
engineering and scientific problems and bioinspired design process is the gateway for obtaining
innovative solutions from them. The power of the bioinspired design process lies in its ability to
extract information or knowledge at different levels of solution evolution from biological knowledge
resources [25]. In addition to the above biological information and knowledge handling or analysis
aspects of the bioinspired design process, we identified other elements such as understanding analogies
in two different systems, defining biological knowledge as a group of available solutions, and defining
design concepts and design processes as relational objects that could be used to characterize the
bioinspired design process and decided to consider them in defining biomimicry attributes for our
research study. Similarly, we examined various stages of the engineering design process as outlined
in research based pedagogical practices to finalize our design process attributes [26,27]. In addition
to that, best practice in the design solution evolution of new product design and existing product
development for sustainability in the industrial scenario were also analyzed to define the design
engineering attributes. During a new product design, the designer’s imagination will initiate the action
of accessing the scientific and engineering knowledge resources at the various stages of innovative
solution development. The design process will logically progress towards solution from one stage to
another stage by a sequence of decision making actions. The progress of the design process in terms
of generating innovative design solution would effectively be controlled by the feasibility analysis
and by many motivational factors. The same phenomenal aspects could also be applied to product
development processes, except that the scientific or engineering information about the existing product
would dominate in initiating the design solutions. In the engineering design process, the innovative
design concepts are the outcome of the designer’s structured thoughts or the imagination process
triggered by knowledge or information resources. The innovative ideas provoked in the thought
process would be subjected to a continuous pattern of changes to result in design solutions. In order to
characterize student projects in different stages of design solution development across two different
aspects, we developed biomimicry and design engineering attributes, as described above and presented
in Table 1.

After determining biomimicry and design engineering attributes for the analysis, we assigned
ordinal score values of 1, 2, 3 and 4 for the students’ capability to effectively translate the biological
knowledge into design solutions. These four score values were used to assign four categorical
performance ratings of students on each attribute. The criteria for assignment of score values for each
attribute is presented in Table 2.
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Table 1. Biomimicry and Design Engineering Attributes for Statistical Analysis.

Biomimicry Attributes (BM) Design Engineering Attributes (DE)

Relating Biological Property (BM1) Imagination (DE1)
Biological knowledge (BM2) Innovation (DE2)
Traditional knowledge (BM3) Problem definition (DE3)

Defined Rough idea (BM4) Defining Solution Methods (DE4)
Transition from rough idea to sketch (BM5) Decision making (DE5)

Definition of design path (BM6) Implementation and improvement (DE6)
Sketches/design output (BM7) Active participation (DE7)

Table 2. Criteria for Assignment of Score Value to Each Attribute.

Score Value Criteria

4

For a feasible and innovative design solution generated by relating
biological knowledge, with a clear understanding of biological and

traditional knowledge, and well-defined/highly creative concepts and
ideas with a well-defined design path which was evolved due to

logically connected decisions and with well-mapped traditional and
biological knowledge that led to creative solution of design problems

3

For feasible design solutions with few existing design features , some
missing biological property relations, moderate explanation of biological
and traditional knowledge, design concepts with a moderately defined

design path and with moderately linked traditional and biological
knowledge for solution of design problems

2

For the design solution with suggested improvements , fewer or missing
biological property relations, lower level explanation of biological and
traditional knowledge, design concepts with a roughly defined design
path and with roughly linked traditional and biological knowledge for

solving design problems

1

For design solutions with least feasibility, poorly related biological
properites, poor explanation of biological and traditional knowledge,
design concepts with an unclear design path and with poorly linked
traditional and biological knowledge for solution of design problems

2.4. Application of Performance Measurement Protocol

The performance measurement protocol as defined above was applied on JMU and UGA students’
project work and the quality of bioinspired design thinking as well as their ability to translate this
design thinking into a design solution was analyzed, as illustrated by the example case presented in
Figure 2.

The example student project case illustrated above involves bioinspired design concept
development for a propulsion system that decreases the effort applied by the bicycle rider. This design
concept was inspired by the example of an ant’s legs that are strong and flexible and act as springs
that enable locomotion. It is clear from this project presentation that the C-K theory based bioinspired
design process played a major role in the designer’s thinking process and culminated in an innovative
design solution. The student began her work with a clear problem definition and started her search
in the knowledge space for initial concept development. The knowledge space in the C-K map was
helpful in organizing biological knowledge and also for the effective retrieval of knowledge from
the space. The unexpected property extraction from biological knowledge and application of this
knowledge in the engineering space resulted in an innovative design. The unexpected property acted
as a bridging object that connected biological and scientific or engineering knowledge. The details of
concepts learned from the biological system are detailed in the concept space. The existing propelling
systems and working principles for higher propelling power are explained in the knowledge space
of the C-K map and this information is helpful for the translation of ideas into design concepts. The
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propelling system inspired by ant legs is detailed and its properties are key to the bioinspired design
solution. The design concept is connected with knowledge space objects in the sketching through C3
object definitions.
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All the C-K theory-based design solutions of the students at UGA and JMU were analyzed as
illustrated in the above example and performance scores on each attribute for each student project
were assigned and the performance score matrix was completed for statistical analysis.

2.5. Statistical Analysis

Statistical analysis methods such as test of hypothesis, principal component analysis (PCA) and
support vector machine (SVM) classifier were among the tools used in our research study to analyze
student performance and to elaborate the key features of the bioinspired design process that led to
innovative design solutions.

As the performance score data considered for our analysis was not based on any standard
distributions, a non-parametric statistical method, the two sample Kolmogorov-Smirnov test was used
to test the first hypothesis defined in Section 1 (the two sample data sets from JMU and UGA and their
attributes are from the same population) [28,29]. The statistical data models with biomimicry and
design engineering attributes J_BM1, J_BM2, . . . ..J_BM7, J_DE1, J_DE2 . . . .J_DE7 and U_BM1, U_BM2,
. . . ..U_BM7, U_DE1, U_DE2 . . . .U_DE7 of JMU and UGA datasets were developed and passed as
arguments in the Matlab function to test Hypothesis 1.

The datasets considered for our investigation were defined with multiple attributes. Therefore,
data mining tools such as PCA and SVM classifier were used to elucidate the underlying knowledge in
the datasets [30]. Initially, to select the most relevant design engineering attributes that represented
all the design engineering attributes, observations in design engineering attributes were transformed
orthogonally towards the direction of large variance by PCA. For conducting PCA on design engineering
attributes observations, the performance score data matrix denoted by Z with the dimensional attributes
of (DE1, DE2, . . . , DE7) for the pooled JMU and UGA data was created. Then, the variance-covariance
matrix of the dataset (Z), denoted by

∑
was calculated and was solved by using the Matlab function to

find principal components coefficients, principal component scores for each attribute and eigenvalues
of variance-covariance matrices. The cumulative variance explained by the number of principal
components was calculated and the scree plot was plotted to decide the number of principal components
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for our study [31]. After deciding the number of principal components, the biplot was plotted to study
the correlation between attributes from the magnitude and the direction of vector plots corresponding
to each attribute [32–34].

Furthermore, to find the biomimicry attributes which played a major role and resulted in innovative
design solutions, the datasets were trained using a supervised deep learning approach, and a support
vector machine (SVM) classifier, a binary classification algorithm (which has been applied in different
fields such as character segregation, image analysis, etc.) was used for the effective classification and
clustering of observations to study the underlying characteristics of the data [35,36]. In our study, we
considered all seven biomimicry attributes as predictor variables and developed response variables
with two label values ‘1’ and ‘0’ based on the performance score values in innovation and imagination
of the design engineering attributes, reduced by the PCA method. The observations labeled as class
‘1’ were creative and innovative design solutions, and the observations labeled as class ‘0’ were not
creative and innovative design solutions. The median score values of DE1 and DE2 were chosen as
a limit value to classify the observations in predictor variables to either ‘class 1’ or ‘class 0’. After
determining values of response variables for JMU and UGA datasets from design engineering attributes
DE1 and DE2, the datasets were trained using linear, polynomial and Gaussian SVM classifier in
Matlab. It was observed during classification analysis that the linear SVM model was more accurate
(87% classification accuracy, plot H in Figure 5) compared to the polynomial and Gaussian SVM models.
Hence, the linear SVM was chosen to train pooled JMU and UGA dataset with selected biomimicry
attributes-BM1, through BM7.

3. Results and Discussion

3.1. Two Sample Kolmogorov-Smirnov Test

The Matlab function returned two sample Kolmogorov-Smirnov test results in ‘h’ and ‘p’ vectors.
It was found from the output that the null hypothesis decision values in vector ‘h’ were zero for all
attribute pairs. This showed that the null hypothesis—the performance score data of attributes pairs
from JMU and UGA datasets were from the same population. The statistical inference obtained from
this finding is that the institutional dependence criteria of C-K theory based bioinspired design process
does not influence its performance. In other words, both JMU and UGA datasets were appropriate
to use as a pooled single dataset for the prediction of relationship between biomimicry and design
engineering attributes using PCA and SVM methods.

3.2. On Design Engineering Attributes Dimensions Reduction by PCA

Initially, the cumulative variance explained by principal components was calculated and plotted
in a scree plot, as shown in Figure 3 for the pooled JMU and UGA dataset. This value was used to
choose the number of principal components. From the Pareto charts of the pooled JMU and UGA data
set, it was found that 67% of the variance was explained by the first two principal components. Hence,
the principal component’s scores of the first two principal components were used to identify the best
representative design engineering attributes of the students’ design performance scores [31]. Secondly,
the principal components coefficients and principal components scores of each design engineering
attribute of pooled JMU and UGA data were plotted as vectors and scatter points in a biplot with
reference to the two principal axes as shown in Figure 4.

The biplot of pooled JMU and UGA datasets showed the relative importance of design engineering
attributes in principal score space by the direction and magnitude of attribute vectors. It was observed
from the biplots that the design engineering attributes DE1 (Innovation) and DE2 (Imagination) had
the highest magnitude in the positive quadrant for the pooled dataset. Hence, the design engineering
attributes DE1 and DE2 were chosen as the best attributes to represent the design performance data
with a 67% variability threshold limit and also as response variables for the classification study using
the SVM method.
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3.3. SVM Classification Analysis

The data model developed from pooled JMU and UGA performance scores as trained with 10 fold
cross validation by a linear SVM algorithm. The receiver operating characteristic (ROC) curves for the
trained model with selected attributes were plotted as presented in Figure 5 (Plot A to G for selected
attributes and Plot H with all attributes), to understand the role of each biomimicry attribute (predictor
variable) in achieving innovative design solutions (response variable). As the SVM is the deep learning
technique which analyzes false correlations of attributes through classification accuracy, we used area
under curve (AUC) of ROC as a measure of classification performance of our supervised deep learning
method on bioinspired design performance score data [37,38].
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The AUC values of 0.72 to 0.82 (Plot A to G) were observed in the SVM classification analysis
with selected biomimicry features (i.e., predictor variables) of biomimicry attributes 1 to 7 (BM1,
BM2 . . . & BM7) according to the binary design innovation ability scale used in our study. This
classification analysis indicated that the performance score data set of each biomimicry attribute
effectively contributed to the response dataset vector of the design innovation binary classification
attribute. A higher percentage of observations in biomimicry attributes were effectively classified
as producing innovative design solutions and a lower percentage of observations were clustered in
another class that did not produce innovative design solutions. Analyses on observations of clusters
that produced innovative design solutions in the context of the C-K theory based approach were
completed to overcome design fixation effects to get innovative design solutions [39–42]. It was
evident from the analysis of student performance on each attribute that the students were able to
obtain necessary knowledge, search for alternatives and experience collaborative creative thinking
that resulted in innovative design solutions. It can also be concluded based on the classification of
student performance on each attribute of the bioinspired design process, mapped in C-K space, that
the knowledge generated and accessed by the design process for the evolution of innovative design
solution from the concepts and problem definitions was effectively controlled by students’ design
thinking. The relational mapping process enhanced the design process evolution and to the generation
of innovative design solutions.

4. Conclusions

In this study, the bioinspired design process mapped in C-K space was analyzed using statistical
and deep learning methods to find its capability to produce innovative design solutions. The
JMU and UGA students’ design performance score datasets were considered for the analysis. The
Kolmogorov-Smirnov test showed that the C-K theory based bioinspired design process was not
institutionally dependent and would exhibit same performance in all institutes. The PCA and SVM
analysis of the data revealed that the C-K theory based bioinspired design process had significant
capability to produce innovative design solutions and could define a design path or process to obtain
innovative design solutions. Future research will focus on a prototype design development process
of a bioinspired product to evaluate the performance of the C-K theory-based bioinspired design
process model.
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