
 

 
 

Combinational Creativity and 

Computational Creativity 
 

 

By 

 

 

Ji HAN 

 

 

 

 

Dyson School of Design Engineering 

Imperial College London 

 

 

A thesis submitted for the degree of Doctor of Philosophy 

 

April 2018 

 

 



II 
 

 

 

 

 

Originality Declaration 

 

The coding of the Combinator and the Retriever was accomplished in collaboration with 

Feng SHI, a PhD colleague in the Creativity Design and Innovation Lab at the Dyson School of 

Design Engineering, Imperial College London, and co-author with me of relevant 

publications. Except where otherwise stated, this thesis is the result of my own research. 

This research was conducted in the Dyson School of Design Engineering at Imperial College 

London, between October 2014 and December 2017. I certify that this thesis has not been 

submitted in whole or in parts as consideration for any other degree or qualification at this 

or any other institute of learning. 

 

 

Ji HAN 

April 2018 

  



III 
 

 

 

 

 

Copyright Declaration 

 

The copyright of this thesis rests with the author and is made available under a Creative 

Commons Attribution Non-Commericial No Derivitives licence. Researchers are free to copy, 

distribute or transmit the thesis on the condition that they attribute it, that they do not use 

it for commercial purposes and that they do not alter, transform or build upon it. For any 

reuse or redistribution, researchers must make clear to others the license terms of this 

work.  

 

Ji HAN 

April 2018 

  



IV 
 

List of Publications 

 

The following journal and conference papers were published during this PhD research. 

 

Journal Publications 

 

1. Han J., Shi F., Chen L., Childs P. R. N., 2018. The Combinator – A computer-based tool for 

creative idea generation based on a simulation approach. Design Science, Cambridge 

University Press, 4, p. e11. doi: 10.1017/dsj.2018.7. 

 

2. Han J., Shi F., Chen L., Childs P. R. N., 2018. A computational tool for creative idea 

generation based on analogical reasoning and ontology. Artificial Intelligence for 

Engineering Design, Analysis and Manufacturing, 32(4), 462-477. doi:10.1017/ 

S0890060418000082. 

 

3. Garvey B., Chen L., Shi F., Han J. (Communication Author), Childs P. R. N., 2018. New 

Directions in Computational, Combinational and Structural Creativity. Proceedings of the 

Institution of Mechanical Engineers, Part C: Journal of Mechanical Engineering Science. 

doi: 10.1177/0954406218769919. 

 

4. Han J., Park D., Shi F., Chen L., Hua M., Childs P. R. N., 2017. Three Driven Approaches to 

Combinational Creativity: Problem-, Similarity-, and Inspiration-Driven. Proceedings of 

the Institution of Mechanical Engineers, Part C: Journal of Mechanical Engineering 

Science. doi: 10.1177/0954406217750189. 

 

5. Shi F., Chen L., Han J., Childs P. R. N., 2017. A Data-Driven Text Mining and Semantic 

Network Analysis for Design Information Retrieval. Journal of Mechanical Design, 

139(11), p111402. doi: 10.1115/1.4037649. 

 

6. Chen L., Wang P., Dong H., Shi F., Han J., Guo Y., Childs P. R. N., 2018. An artificial 

intelligence based data-driven approach for design ideation. Journal of Visual 

Communication and Image Representation. (Pending) 

 

 

  



V 
 

Peer-reviewed Conference Publications 

 

1. Han J., Shi F., Park D., Chen L., Childs P. R. N., 2018. The Conceptual Distances between 

Ideas in Combinational Creativity. DS92: Proceedings of the DESIGN 2018 15th 

International Design Conference. doi: 10.21278/idc.2018.0264. (Outstanding 

Contribution Award) 

 

2. Chen L., Wang P., Shi F., Han J., Childs P. R. N., 2018. A Computational Approach for 

Combinational Creativity in Design. DS92: Proceedings of the DESIGN 2018 15th 

International Design Conference. doi: 10.21278/idc.2018.0375. 

 

3. Han J., Park D., Shi F., Chen L., Childs P. R. N., 2017. Three Driven Approaches to 

Combinational Creativity. DS 87: Proceedings of the 21st International Conference on 

Engineering Design (ICED17). p259-p268. 

 

4. Han J., Shi F., Chen L., Childs P. R. N., 2017. The Analogy Retriever – An Idea Generation 

Tool. DS 87: Proceedings of the 21st International Conference on Engineering Design 

(ICED17). p11-p20. 

 

5. Chen L., Shi F., Han J., Childs P. R. N., 2017. A Network-based Computational Model for 

Creative Knowledge Discovery Bridging Human-Computer Interaction and Data Mining. 

In: Proceedings of the 2017 ASME IDETC/CIE Conference. doi:10.1115/DETC2017-67228. 

 

6. Shi F., Chen L., Han J., Childs P. R. N., 2017. Implicit Knowledge Discovery in Design 

Semantic Network by Applying Pythagorean Means on Shortest Path Searching. In: 

Proceedings of the 2017 ASME IDETC/CIE Conference. doi:10.1115/DETC2017-67230. 

 

7. Han J., Shi F., Childs P. R. N., 2016. The Combinator: A Computer-Based Tool for Idea 

Generation. DS 84: Proceedings of the DESIGN 2016 14th International Design 

Conference. p639-p648. 

 

8. Shi F., Han J., Childs P. R. N., 2016. A Data Mining Approach to Assist Design Knowledge 

Retrieval Based on Keyword Associations. DS 84: Proceedings of the DESIGN 2016 14th 

International Design Conference. p1125-p1134. 

  



VI 
 

Abstract 

 

Creativity is a significant element of design. However, it can be challenging to produce creative ideas 

that will be of value to society and worthy of design effort. This thesis explores combinational 

creativity, which involves unfamiliar combinations of familiar ideas, and implements combinational 

creativity in computational tools to support design.  

Two computational tools, the Combinator and the Retriever, have been developed to support 

designers in creative idea generations during the early stages of design. The Combinator has been 

developed by imitating aspects of human cognition in achieving combinational creativity. This tool 

produces combinational prompts in text and image forms. The Retriever has been developed based 

on ontology by embracing aspects of cognitions of analogical reasoning. This tool constructs 

ontologies with sufficient richness and coverage to support reasoning over real-world datasets, and 

produces text-form outputs with correlated image mood boards.  

Case studies indicate that the Combinator and the Retriever are useful and effective in terms of 

supporting creative ideation. The case studies show that both of the tools can increase the fluency of 

idea generation and improve the flexibility, usefulness and originality of the ideas produced, for the 

datasets studied.  

In addition to computational creativity tools, this thesis has proposed three driven approaches to 

produce combinational creative ideas, which are problem-, similarity-, and inspiration-driven. A 

study indicates that these three approaches are used commonly in practical designs, of which the 

problem-driven approach is the dominant approach. In addition, the three approaches could be used 

individually as well as in groups. The conceptual distances between ideas in combinational creativity 

are also explored in this thesis. A study reveals that far-related ideas, which are used more 

commonly, could lead to more creative outcomes compared with closely-related ideas.  

The findings and outcomes of this thesis lead to a further understanding of creativity in the design 

context. The novel approaches used for developing the Combinator and the Retriever, as well as the 

outcomes of the theoretical studies could be adapted to develop new computational design support 

tools. 
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Chapter 1. Introduction 

 

This chapter introduces the research background of this thesis ‘Combinational Creativity and 

Computational Creativity’. The overall research aims and objectives are illustrated to provide 

an indication of the structured approach to the research followed. The principal focus is an 

investigation of combinational creativity in design and development of design methods as 

well as computational tools for supporting creative idea generation during the early phases 

of design.  

 

1.1. Background 

Everyone can and does design to some extent, as design is a natural cognitive function of 

the human brain. Design can be described as a specific end to the deployment of creativity, 

which couples creativity to innovation (DesignCouncil, 2011). It is identified as a primary 

driver of innovation, which can benefit a company’s business performance as well as its 

brand identity (Roper et al., 2016).  

Product design and development often start from problem definition and followed by idea 

generation. Idea generation, also known as ideation, can be described as the process of 

creating, developing and communicating ideas, in which an ‘idea’ is considered as a basic 

element of thought in either visual, concrete or abstract forms (Jonson, 2005). Ideation is 

deemed to be the foundation of innovation (Sarkar and Chakrabarti, 2011, Cash and Štorga, 

2015). It essentially determines the type of designs produced, and is regarded as having a 

vital role in creative concept development and business success (Howard et al., 2011). 

Creativity is defined as ‘the process by which something so judged (to be creative) is 

produced’ (Amabile, 1983), ‘the ability to produce work that is both novel (i.e. original, 

unexpected) and appropriate (i.e. useful, adaptive concerning task constraints)’ (Sternberg 

and Lubart, 1998), and 'the production of novel, useful products' (Mumford, 2003). It is an 

integral part of design, which supports problem-solving, initiates innovation, and closely 

relates to business commercial performance (Sarkar and Chakrabarti, 2011, Childs and 

Fountain, 2011). This indicates that creativity is connected with economic benefit via design, 
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and thereby suggests the significance of generating creative ideas. Good ideas are 

considered as the source from which creativity springs (Goldschmidt and Tatsa, 2005). 

However, coming up with ideas, especially creative ones, is challenging, due to issues such 

as lack of creative minds, limited relevant information, and numerous existing ideas (Childs, 

2018). 

Recent reports have revealed the relation between design, creativity, and business profit. As 

illustrated above, design is a specific end to the deployment of creativity (DesignCouncil, 

2011). Historically, the UK’s most innovative companies generate over 75% of their profits 

from products that did not exist 5 years previously (Cox, 2005). Recently, the UK Design 

Council (2015) reported that design contributed £71.7 billion in gross value added (GVA), 

equivalent to 7.2% of the total GVA. Moreover, for every £1 invested in design, there is an 

increased revenue of as much as £20. This indicates that business activity is indirectly 

related to creativity via design and suggests that generating creative ideas is necessary to 

novel concept development and ultimately innovation (Howard et al., 2011). More ideas, 

especially creative ideas, are needed to be developed for the needs of producing robust 

designs to promote commerce. However, creativity is a notorious elusive phenomenon, 

often associated with human genius and serendipitous discovery. There has been an 

increasing interest in recent decades in exploring the factors that encourage creativity and 

how creativity is fostered. 

A number of methods or tools have been developed to assist creative idea generation in 

design, for example, conventional creativity tools such as brainstorming (Osborn, 1979) and 

TRIZ (Altshuller, 1984), advanced design methods such as bio-inspired design (Helms et al., 

2009, Chakrabarti and Shu, 2010, Fu et al., 2014) and design-by-analogy (Goldschmidt, 2001, 

Linsey et al., 2007, Linsey et al., 2012). Most of the tools or methods do not actually produce 

creative ideas, but provide a means to augment innate generative activity (Childs, 2018). 

However, some of the tools are complex and not intuitive, some are difficult to master, and 

some rely heavily on users’ knowledge and experience. Different creativity tools have been 

explored to be beneficial to different applications and suitable for different personality traits 

(Yan and Childs, 2015). In recent years, a number of computational tools for supporting 

creative idea generation to enhance design creativity are developed. For example, DANE 
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(Design by Analogy to Nature Engine (Vattam et al., 2011, Goel et al., 2012) and Idea Inspire 

3.0 (Chakrabarti et al., 2017). 

Boden (2004) indicated three approaches to produce creativity, which are exploratory, 

transformational and combinational creativity. Exploratory creativity produces ideas 

through exploring structured conceptual space, transformational creativity generates ideas 

by transforming the structured conceptual space, and combinational creativity produces 

new ideas through combining familiar ideas. Combinational creativity is the easiest 

approach among the three, as it is a natural feature of human associative memory (Boden, 

2009). However, Ward (1994, 1995) demonstrated that combining concepts could cause 

considerable difficulties and Simonton (2017) indicated that combinational creativity might 

cause ‘combinational explosion’. In addition, combinational creativity is challenging for 

computer-based implementations, as it requires a rich store of knowledge and the ability to 

form links of different types. It is also difficult for computers to produce valuable 

combinations and to recognise the values. 

Therefore, it is valuable and useful to explore combinational creativity and investigate how 

combinational creativity is produced, and thereby indicates how to implement 

combinational creativity in computational design support tools and apply combinational 

creativity in design. The research outcome could be used to support designers, especially 

novice designers, in creative idea generation, which leads to excellent designs and 

successful innovation.  

 

1.2. Research Aim 

The overall research aim of this thesis is to explore combinational creativity in design and 

implement combinational creativity in computational tools to support designers, especially 

novices, in producing creative ideas during the early phases of design.  
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1.3. Research Questions 

The two main research questions of this thesis are listed below: 

1. How is combinational creativity produced in design? 

2. How should combinational creativity be implemented in computational tools to support 

designers in creative idea generation during the early phases of design? 

 

1.4. Research Objectives 

The main research objectives of this thesis are: 

1. To explore theoretical elements of how combinational creativity is generated in design, 

such as the driving forces and conceptual distances. 

2. To investigate computational algorithms and approaches of imitating aspects of human 

cognition in producing combinational creativity in design. 

3. To explore approaches, such as using up-to-date design ‘data’ and visual 

representations, to support novices in design.   

 

1.5. Thesis Structure 

Chapter 1. Introduction:  

This chapter introduces the background of the research projects involved in this thesis. It 

also describes the research aim, questions and objectives of the studies involved. The thesis 

structure is demonstrated in this chapter for providing an overview.  

 

Chapter 2. Methodology:  

This chapter describes the research methodologies used in this thesis. It illustrates how the 

research methods and approaches are selected for each research project. Besides, 

limitations of the selected methods and approaches are reported. 

 



5 
 

Chapter 3. A General Review – Creativity, Creativity Tools and Creativity Evaluation:  

This chapter provides general literature reviews of creativity, creativity tools and 

approaches of creativity evaluation. These three areas are the fundamental pillars of the 

studies in this thesis. This chapter indicates the new opportunities and motivations of 

conducting this PhD research project. However, specific literature reviews of combinational 

creativity, analogy, ontology and so forth are presented in the following chapters.  

 

Chapter 4. Combinational Creativity – The Combinator:  

This chapter presents literature reviews of combinational creativity and other relevant 

studies such as how human memory and the human mind work. Followed by the 

illustrations of the algorithm and the processes of developing a computational tool named 

the Combinator. The tool is developed by imitating aspects of human cognition in producing 

combinational creative ideas. Two case studies are performed to evaluate the Combinator, 

involving about fifty participants. The results indicate that the tool could assist the users in 

improving the fluency of idea generation, as well as increasing the originality, usefulness, 

and flexibility of the ideas produced, concerning the case study conducted.  

 

Chapter 5. Combinational Creativity – Three Driven Approaches:  

This chapter explores the driving forces behind combinational creativity. Three driven 

approaches are proposed, which are problem-, similarity-, and inspiration-driven, according 

to previous research projects on design process, strategy and cognition. A study is 

conducted to evaluate the approaches. The results support the three approaches proposed 

and indicate that the approaches could be applied independently and complementarily.   

 

Chapter 6. Combinational Creativity – The Conceptual Distances between Ideas:  

This chapter investigates conceptual distances between ideas for producing combinational 

creativity. A study involving two-hundred practical products is conducted to explore the 

conceptual distances between ideas in combinational creativity. The results show that far-
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related ideas are used more often than closely-related ideas to produce practical designs, 

for the study concerned. Additionally, far-related ideas could generate combinational 

designs that are more creative than the ones produced by closely-related ideas.  

 

Chapter 7. Analogy and Ontology – The Retriever:  

This chapter presents a brief literature review of analogy and ontology. An approach to 

construct ontologies with sufficient richness and coverage to support reasoning over real-

world datasets for prompting creative idea generation is then demonstrated in the chapter. 

This approach is developed into a computational tool, named the Retriever, for assisting 

designers in creative ideation. A case study is performed to evaluate the tool. The results 

suggest that the Retriever can improve the fluency and flexibility of idea generation and the 

originality and usefulness of the ideas generated, concerning the case study conducted.  

 

Chapter 8. Conclusions and Future Research:  

This chapter provides conclusions of this thesis, summarising the outcomes as well as 

limitations. It also indicates possible future research plans to improve the tools and methods 

developed in this thesis.  

 

1.6. Chapter Conclusions 

This chapter has described the principal research aims and objectives. This thesis focus is an 

exploration of combinational creativity and implementation of combinational creativity in 

design methods as well as generation of computational tools to support designers in 

creative idea generation during the early stages of design. A flow diagram of the thesis with 

principal findings and outcomes of each chapter is shown in Figure 1.1. 
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Figure 1.1. Thesis flowchart 
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Chapter 2. Methodology 

This chapter presents the research methodologies involved in this thesis. It describes the 

research methods and approaches selected for each research project. Besides, limitations, 

such as participant biases, are reported with potential solutions.  

 

2.1. Quantitative Research and Qualitative Research 

Different research methodologies and approaches are suitable for solving different research 

problems (Singleton and Straits, 1999). There exist two main research methodologies: 

quantitative and qualitative. Quantitative research involves objective measurements and 

statistical analysis of data produced from questionnaires, surveys and experiments (Babbie, 

2010, Muijs, 2010). It is aimed to explain a particular phenomenon through gathering 

numerical data and extending the results across groups of people. In other words, this 

methodology quantifies a problem to identify its generalisation in a larger population. 

However, quantitative research could not describe the human experience associated with 

the phenomenon of a problem, for example ‘why’ or ‘how’ the problem has occurred. In 

design research, Blessing and Chakrabarti (2009) claimed that quantitative research is 

applied to explore ‘the degree in which phenomena occur’. Methods, such as experiments 

and closed questionnaires, are often used.  

Qualitative research is often used to provide insights into experience, meaning and 

perspective from the standpoint of participants (Hammarberg et al. 2016). The data 

collected for qualitative research involves verbal, behavioural and observational, which are 

often challenging to be interpreted into numeric for quantitative research. Anderson (2010) 

revealed that qualitative research is a very time-consuming method, which can be easily 

affected by the researcher, such as personal biases and unavoidable presence during data 

collection. In addition, its findings are difficult to be generalised to a wider population 

comparing with quantitative research (Atieno, 2009). In design, qualitative research is 

applied to explore ‘the nature of phenomena’, of which interviews and observations are 

commonly used (Blessing and Chakrabarti, 2009). 
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Combining quantitative and qualitative research methodologies have become increasingly 

common in recent years (Bryman, 2006). This combinational approach is also known as the 

multi-methods (Brannen, 1992), mixed methodology (Tashakkori and Teddlie, 1998), and 

mixed methods (Creswell, 2003). Tashakkori and Teddlie (2003) claimed that this kind of 

mixed methodology has a strong support in evaluation research as well as other research 

fields. Johnson and Onwuegbuzie (2004) and Creswell and Plano Clark (2011) argued that 

mixed methods can draw strengths from both qualitative and quantitative methodologies as 

well as overcome the weaknesses of one another, but mixed methods are time-consuming 

and challenging for individual researchers.  

The criteria for selecting qualitative, quantitative and mixed methods for research are the 

research problem, the researcher’s experience and the audience (Creswell, 2002). Borrego 

et al. (2013) claimed that engineering education researchers strongly prefers quantitative 

approaches, due to their post-positivist perspective and their engineering-educated 

audience. In design research, Blessing and Chakrabarti (2009) indicated that mixed methods 

could be used to address different elements involved in the phenomenon of design. 

In design research, Cropley and Kaufman (2018) have employed quantitative research 

methods, such as using Consensual Assessment Technique to rate creativity and employing 

various statistical analysis methods to evaluate the results, for exploring how engineers and 

industrial designers perceive creativity. Nagai et al. (2009) employed a primarily qualitative 

method for developing the framework of a concept-synthesising process as an approach to 

support design creativity. They used qualitative methods, such as analysing responses, to 

identify thought types and recognition types. After that, qualitative data analysis 

approaches, such as chi-square test, were employed to compare different thought and 

recognition types. Also, Georgiev et al. (2017) used case studies to demonstrate how the 

thematic synthesis system could be used to support innovative designs in a qualitative 

manner.  

Research projects on design support tools or creativity tools also employ mix methods. For 

example, the WordTree method developed by Linsey et al. (2012). They used quantitative 

methods, such as measuring the number of ideas produced and the number of analogies 

used, to evaluate the tool, and used qualitative methods, such as observations, to measure 

the participants’ behaviours. Similarly, Luo et al. (2018) adopted mix methods in developing 
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a computer-aided ideation tool, named InnoGPS. Observations were used to explore the 

users’ behaviours in ideation with and without using the tool, while statistical methods, 

such as t-tests, were used to analyse the results.  

Among qualitative, quantitative and mixed research methods, quantitative methods often 

play the primary role in creativity tools research, especially in the evaluation stage. As most 

of the evaluation methods are quantitative methods, such as the CPSS (Creative Product 

Semantic Scale) questionnaire (Chulvi et al., 2012) and the creativity assessment metrics 

proposed by Shah et al. (2003), which are described with more details in the next chapter. 

Shah et al. (2003) indicated that process-based methods or qualitative methods are 

challenging and time-consuming in evaluating idea generation or a creativity tool, due to 

issues such as difficult to observe people’s cognitive processes and to correlate the 

processes with ideation. As illustrated above, the WordTree and InnoGPS research projects 

employed mixed methods, but quantitative research methodology is still the primary 

approach applied in the field. 

 

2.2. Methodologies of this Thesis 

This thesis has employed different methodologies in different chapters, alternatively 

different research projects. For example, the explorations of computational tools (‘Chapter 

4. Combinational Creativity – The Combinator’ and ‘Chapter 7. Analogy and Ontology – The 

Retriever’) have employed a mixed methodology with quantitative research as the primary 

one; the investigations of combinational creativity in design (‘Chapter 5. Combinational 

Creativity – Three Driven Approaches’ and ‘Chapter 6. Combinational Creativity – The 

Conceptual Distances between Ideas’) have used primarily quantitative research methods. 

How methodologies are selected for different research projects involved in this thesis is 

illustrated as follows: 

1. Computational tools – the Combinator and the Retriever. 

This thesis involves two research projects on computational creativity tools (Chapter 4 

and 7), of which mixed methods are used. In the methods, quantitative research plays 

the primary role comparing with qualitative research. In both of the chapters, the 

computational tools (the Combinator and the Retriever) are developed based on 
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reviewing related research projects, exploring theoretical algorithms and computational 

techniques. Then, the tools are coded by the author in collaboration with a PhD 

colleague. After that, case studies are employed to explore and evaluate the tools, as 

well as to understand the users.  

Case study is defined as ‘an empirical inquiry that investigates a contemporary 

phenomenon within its real-life context; when the boundaries between phenomenon 

and context are not clearly evident; and in which multiple sources of evidence are used’ 

(Yin, 1984). It is used in a broad variety of subjects, such as education, policy, social 

science, businesses and industry, and public health (Yin, 1993). Case studies could be 

used to help provide description, test theory, produce theory, as well as explain both the 

process and outcome of a phenomenon (Eisenhardt, 1989, Tellis, 1997). The data 

collected in case studies involve quantitative ones from questionnaires and experiments, 

as well as qualitative ones from interviews and observations. Design the case study, 

conduct the case study, analyse the case study results, and develop the conclusions, 

recommendations and implications are the four stages of performing a case study (Yin, 

2013, Tellis, 1997).  

In the case studies involved in this thesis, direct observations and interviews are used to 

collect qualitative data. Direct observations could support the understanding of the 

actual uses of the new tools (the Combinator and the Retriever), and detecting potential 

problems (Yin, 2013). Interviews focusing on the case study topics are used to provide 

perceived causal inferences (Yin, 2013). Metric-based measurements are used to collect 

quantitative data. To be more specific, quantity, quality, novelty and variety of the ideas 

produced are measured to evaluate the effectiveness of tools as well as the creativity of 

solving problems (Shah, 2003). Statistical analysis methods, such as independent sample 

t-test, Mann-Whitney U test, and Bayes factor independent sample test, are used to 

analyse the quantitative data.  

The quantitative research methods are used to generalise the results to a larger 

population, while the qualitative methods are used to understand the users’ experience. 

In other words, the quantitative results aim to indicate the performance of the tools and 

expand the findings across groups of users, while the qualitative results are intended to 

aid understanding ‘why’ and ‘how’ the tools support the users in creative idea 

generation.  
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2. The exploration of combinational creativity in design – the driven approaches and 

conceptual distances. 

This thesis also involves two theoretical research projects exploring combinational 

creativity in design: three driven approaches (Chapter 5) and the conceptual distances 

between ideas (Chapter 6). Quantitative research methods are primarily used in these 

two chapters. Theoretical hypotheses are proposed according to the explorations of 

related research projects. Then, studies, which involve practical design samples, are 

conducted to evaluate or verify the hypotheses raised.  

In the studies, decision tables are used as an evaluation method to collect quantitative 

data from experts. For example, exploring how many samples have employed which 

type of driven approach. Decision table is a method of documenting and organising logic 

in an approach allowing easy inspection and analysis (Montalbano, 1974, Metzner & 

Barnes, 1977). It is used to make decisions with the consideration of conditions and 

rules. In addition to decision tables, questionnaires based on CPSS (Chulvi et al., 2012) 

are used to measure the creativity of design samples. For instance, the investigation of 

which conceptual distant could lead to ideas that are more creative. Statistical methods, 

such as Cohen’s d test and Kappa test, are then employed to analyse the data. The 

quantitative research methods involved in the two theoretical research projects are 

employed to expand the research outcomes to a larger population of products.  

 

2.3. Limitations 

Participant biases often occur in case studies, especially in experiments, observations and 

following interviews (Yin, 2013). The observer’s or experimenter’s presence might cause 

changes in the participant’s performance. Nichols and Maner (2008) indicated that 

participants who have possessed fore-knowledge of the hypothesis of an experiment are 

tended to confirm the hypothesis. Besides, hypothesis guessing, whether correct or not, 

might also lead to participant biases. In other words, participants are tended to make 

decisions in a manner what they believe would help the experimenter. This tendency to 

comply with the hypothesis of an experiment is known as participant demand 
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characteristics (Orne, 1962). Although this tendency might vary based on the participants’ 

attitudes towards the experiment and experimenter, this could significantly affect the 

results of the experiment.  

The participant demand characteristics might affect the qualitative research and 

quantitative research methods used in the case studies involved in this thesis, such as the 

Combinator and the Retriever ones. In terms of qualitative research methods, such as 

interviews, participants might tend to provide only positive feedback of the computational 

tools and omitting negative points. In terms of quantitative research methods, participant 

demand characteristics might not be directly reflected. However, participants might tend to 

perform or behave in a positive manner to confirm the computational tools are useful. For 

example, if a participant is informed, or has guessed, that ‘the quantity of ideas produced’ is 

a creativity measurement before conducting the case study, then the participant might try 

to produce more ideas than under normal circumstances. 

In order to avoid or minimise this issue, two main improvements are developed in the 

research methods: 

1. The participants are not informed of any fore-knowledge of the research projects before 

and after conducting the case studies. Without informing any fore-knowledge, 

participants would not possess the hypotheses of the research or experiments. Thereby, 

it is challenging for the participants to make decisions and perform in compliance to help 

the experimenter. 

2. Tools, such as using Google Image to support idea generation, are used by a group of 

participants in each case studies. To some extent, this could ‘confuse’ the participants, 

so the participants would not perceive the aims of the research projects. In other words, 

the participants would not know what tools we are exploring in fact. This also helps to 

form controlled experiments involved in this thesis. In future research, other 

computational ideation support tools, such as B-Link (Shi et al., 2017a, 2017b, Chen et 

al., 2017) and Idea Inspire 3.0 (Chakrabarti et al., 2017), could be introduced to avoid 

participant biases further. 
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Another limitation of the research methods in this thesis is the lack of qualitative research 

methods in exploring combinational creativity in design. As illustrated in previous sections, 

using quantitative approaches could generalise the results to a larger population of 

products, but it is difficult to explain the human experience underlying the findings. For 

example, how a designer select ideas to form combinational ones. However, the main aims 

of exploring combinational creativity in design are to provide insights into how 

combinational creative ideas are generated from expert designers’ perspectives, rather than 

investigating the ‘nature’ of combinational creativity. Besides, the ultimate goal of the 

theoretical research is to provide foundational approaches to guide the development of 

future creativity tools and computational idea generation tools. 

Qualitative methods, such as observing designers from generating initial combinational 

design ideas to producing the final products, as well as interviewing the designers, could be 

used to solve this problem and provide more insights. Future research projects are planned 

to involve qualitative research methods for exploring the designer’s underlying thinking 

process and behaviour of producing combinational design ideas. However, this could be 

very time-consuming, which can take months or even years.  
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Chapter 3. A General Review - Creativity, Creativity Tools 

and Creativity Evaluation 

 

This chapter presents general literature reviews of creativity, creativity tools and creativity 

evaluation in the design context. The review of creativity in the design context provides a 

general understanding of creativity research in the design field as well as how creativity is 

defined and used by design researchers. The review of approaches to support idea 

generation offers an overview of popular non-computational and computational methods 

used in design activities. The review of creativity evaluation demonstrates methods for 

assessing creative products and creative methods. These three areas are the fundamental 

pillars of the studies contained in this thesis. Specific literature reviews of combinational 

creativity, analogy, ontology and so forth are presented in the following chapters. 

 

3.1. Creativity 

Creativity is a fundamental feature of human intelligence (Cross, 2011). However, creativity 

has been considered as a notorious elusive phenomenon, often associated with human 

genius and serendipitous discovery. The human capacity for creativity and innovation 

emerged over hundreds of thousands years ago, which is driven by biological factors as well 

as social factors (Pringle, 2013). Creativity is a powerful force in individual and team success, 

which is central to human activity (Shai et al., 2013). It is also regarded as a key to business 

success (Stewart and Simmons, 2010). Goldschmidt and Tatsa (2005) claimed that good 

ideas are regarded as the source from which creativity springs. This implies that idea 

generation, especially creative (good) idea generation, is positively related to creativity.  

The creative person, process, product and environment are considered as the four core 

elements of achieving creativity (Rhodes, 1961, Couger et al., 1993, Thompson and Lordan, 

1999, Demirkan, 2010). The outputs of creativity can be objects, actions, or ideas, and these 

outputs are conceived to be novel, high in quality, and useful (Carruthers, 2011). The 
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creativity output is often the result of long periods of work with a series of mini-

breakthroughs, which emerges from the combination of some essential mental capabilities 

(Childs, 2018). Most creative ideas are emerged from the diverse thoughts of previous 

experience stored in human memory (Benedek et al., 2014, Liikkanen and Perttula, 2010).  

Wallas (1926) proposed a four-stage model of the creative process: preparation, incubation, 

illumination, and verification, which is foundational in creativity research. Preparation 

involves identifying and exploring a problem. Incubation refers to the contemplation of the 

problem. Illumination refers to forming ideas in the mind to provide a creative response. 

Verification includes reviewing and refining the ideas produced in illumination. Sadler-Smith 

(2015) presented an advanced version of this model involving five stages: preparation, 

incubation, intimation, illumination and verification, in order to accurately reflect Wallas’ 

full account of the creative process model. 

Boden (2004) stated two levels of creativity: psychological creativity (P-creativity) and 

historical creativity (H-creativity). P-creativity, also called little-c creativity or everyday 

creativity, involves coming up with a surprising and valuable idea that has never previously 

occurred to the person who originated it. It is irrelevant to how many people have 

previously considered this idea. H-creativity, also known as Big-C creativity or eminent 

creativity, involves generating an idea that has not existed or been considered previously in 

history, which can be considered as a special case of P-creativity (Simonton, 2017). 

Kaufman and Beghetto (2009) proposed a four C model of creativity which distinguished 

creativity into mini-c, little-c, Pro-c, and Big-C. Little-c and Big-C creativity refer to everyday 

creativity and eminent creativity, respectively. Mini-c creativity is defined as the novel and 

personal interpretation of actions, experiences and events, and Pro-c creativity is the 

creative acts of professionals or experts (Beghetto and Kaufman, 2007) 

As illustrated in Chapter 1, Boden (2004) indicated three types of creativity: exploratory, 

transformational and combinational creativity. Exploratory creativity involves coming up 

with ideas via exploring the conceptual space, such as the different flavours of crisps. 

Transformational creativity includes producing ideas through transforming the conceptual 

space, for example, Picasso's masterpieces ‘Head of a Woman’. Combinational creativity 
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involves the generation of ideas by exploring unfamiliar combinations of familiar ideas, for 

instance, ‘Apple Watch’ could be considered as a combination of a ‘watch’ and an ‘iPhone’. 

Taura and Nagai (2017) indicated two types of creativity. The first type is out-of-the-box 

creativity which produces ideas that are departed from common sense or conventional 

notions. Eliminating preconceived notions successfully is essential for this type of creativity. 

The other type of creativity is the result of combining several elemental pieces of 

technology or knowledge. Comparing with the three types of creativity proposed by Boden 

(2004), out-of-the-box creativity conforms to exploratory and transformational creativity, 

while the second type of creativity is defined very similarly to combinational creativity.    

Recently, Williams et al. (2016) created a literature map of creativity research. The map 

showed that design, idea generation, divergent thinking, innovation, creative process and 

problem-solving are the main areas in creativity research. Creativity has been widely 

considered as an essential part of the design process (Thompson and Lordan, 1999, Toh and 

Miller, 2015, Chiu and Shu, 2012). Demirkan and Afacan (2012) claimed that creativity is a 

natural element of design which often occurs between the problem and solution space. It 

initiates innovations, assists problem solving, and increases a firm's market share (Sarkar 

and Chakrabarti, 2011). Creativity also plays a vital role in solving open-ended design 

problems for finding new goals and functions, novel design solutions, and original resolution 

rules (Doboli and Umbarkar, 2014). Chiu and Shu (2012) indicated that creative concepts 

often lead to creative and successful designs. Moreover, Keshwani et al. (2017) implied that 

creative products have positive influences on business success, which is known as a major 

motivation to researchers for developing design methods to improve design creativity. 

Besides, the type and amount of searchers, duration of design and experience of designers 

are positively related to creativity (Sarkar and Chakrabarti, 2014). Although creativity is a 

significant element that indicates design effectiveness, customers may not explicitly state 

creativity as a requirement while seeking creative designs (Chiu and Shu, 2012). 

A number of design research projects have focused on exploring how to promote creativity 

during the early stages of design, especially during ideation. For instance, Nagai et al. (2009) 

investigated different linguistic interpretation methods during the idea generation stage 

within the framework of concept-synthesizing. The research showed that concept blending, 

which produces a new idea that is not involved in the two base concepts but inherits certain 



22 
 

characteristics, is the most creative method. Howard et al. (2011) explored using creative 

stimuli in brainstorming sessions to support creative idea generation. Chiu and Shu (2012) 

indicated that oppositely related word stimuli can encourage creative idea generation and 

ultimately produce more creative and successful designs. Viswanathan et al. (2014) 

demonstrated that using physical models during ideation can mitigate design fixation. 

Design fixation refers to the phenomena of designers becoming ‘set’, ‘blinkered’ or ‘blinded’ 

while developing creative ideas for new products (Crilly, 2015). It is described as ‘a blind 

adherence to a set of ideas or concepts limiting the output of conceptual design’ (Jansson 

and Smith, 1991). Design fixation is often considered a barrier to design creativity (Crilly, 

2015). Youmans and Arciszewski (2014) further distinguished design fixation into concept-

based and knowledge-based design fixation. Concept-based design fixation refers to the 

fixation to a specific category of known concepts, while knowledge-based design fixation 

refers to the fixation to a specific base of knowledge of a problem. Fixation is caused by a 

number of issues, such as personality traits, expertise, and unfamiliarity of domain 

knowledge (Moreno et al., 2014). Crilly and Cardoso (2017) indicated the development of 

computational design support tools might benefit from further explorations of design 

fixation, such as the number of stimuli to be shown, the types of representations to be used 

and the role of far-related stimuli. 

Howard et al. (2008) proposed a creative design process model based on the FBS (Function-

Behaviour-Structure) model, as shown in Figure 3.1. The model is an integration between 

the engineering design process and the cognitive psychology creativity process. It involves 

components such as analysis, generation, and evaluation, in addition to the different design 

operations, such as design description and function, proposed by Gero (2004). This model is 

capable of supporting engineers and designers to make better use of creativity tools and 

methods. It is also considered as a foundation for developing new creativity tools to help 

engineering designers in producing more original ideas in an efficient manner. 
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Figure 3.1. The integrated creative design process model (Howard et al. 2008)  

 

Creativity training has been widely implemented in education to help students become 

innovative forces in the design industry (Starkey et al., 2016). Several studies have focused 

on creativity during ideation in design education, for example, the research projects 

conducted by Linsey et al. (2011), Daly et al. (2012), and Starkey et al. (2016). Besides 

training, a number of creativity tools or methods have been developed to support novice 

designers as well as experienced designers in producing creative ideas for new product 

design and development. For example, conventional creativity tools such as brainstorming 

(Osborn, 1979), TRIZ (Altshuller, 1984) and SCAMPER (Eberle, 1996); advanced methods 

such as bio-inspired design (Helms et al., 2009, Chakrabarti and Shu, 2010, Fu et al., 2014), 

design-by-analogy (Goldschmidt, 2001, Linsey et al., 2007, Linsey et al., 2012), and the 

WordTree method (Linsey et al., 2008a, b); and computational methods such as the IDeAL 

(Vattam et al., 2011, Goel et al., 2012), the DANE (Vattam et al., 2011), Idea Inspire 3.0 

(Chakrabarti et al., 2017), Analogy Finder (McCaffrey and Spector, 2017), and B-Link (Shi et 

al., 2017a, b, Chen et al., 2017). In addition to creative idea generation, many methods have 

been developed to evaluate creativity for selecting creative products and processes as well 

as assessing ideation methods. For instance, the CPSS questionnaire developed by Chulvi et 

al. (2012b), the four metrics (quantity, novelty, quality and variety) proposed by Shah et al. 

(2003a), as well as the method employing function-behaviour-structure model and the 

SAPPhiRE model indicated by Sarkar and Chakrabarti (2011). 
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3.1.1. Definitions of Creativity 

There are various definitions of creativity, ranging from simple definitions to complex ones. 

For instance: ‘the act of making new relationships from old ideas’ (Koestler, 1964); ‘the 

process by which something so judged (to be creative) is produced’ (Amabile, 1983); ‘the 

ability to produce work that is both novel (i.e. original, unexpected) and appropriate (i.e. 

useful, adaptive concerning task constraints)’ (Sternberg and Lubart, 1998); ‘the production 

of novel, useful products’ (Mumford, 2003); ‘the ability to come up with ideas or artefacts 

that are new, surprising, and valuable’ (Boden, 2004); ‘the ability to imagine or invent 

something new of value’ (Childs et al., 2006); and ‘a response to the continual innovation 

and resourcefulness that have become necessary for economic survival’ (Craft, 2003). Runco 

and Jaeger (2012) indicated that novelty and usefulness are regarded as the core of 

creativity. However, most of these definitions are defined by researchers from cognitive 

science and psychology. Could we apply these definitions of creativity directly in design? 

How design researchers describe creativity?  

In order to explore the definitions of creativity in design, we have reviewed around 30 

articles from top journals in design research, such as Design Studies, Journal of Mechanical 

Design, Journal of Engineering Design, Research in Engineering Design, and International 

Journal of Design Creativity and Innovation. These definitions of creativity are either 

defined, summarised or used by the authors. The details are presented in Table 3.1. 
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Table 3.1. Definitions of creativity in design 

Definitions of Creativity Authors Source 

‘Creativity occurs through a process by which an 

agent uses its ability to generate ideas, solutions and 

products that are novel and useful.’ 

Chulvi et al. (2012b) 
Journal of 

Engineering Design 

‘The generation of ideas that are novel and 

appropriate.’ 

Collado-Ruiz and Ostad-

Ahmad-Ghorabi (2010) 
Design Studies 

‘A human faculty that exceeds the everyday and 

routine processes of thinking and doing.’ 
Coyne (1997) Design Studies 

‘The creative idea be both novel (to an individual, a 

group or the world) and appropriate. It is sometimes 

additionally required that the idea be non-obvious, 

surprising or efficient.’ 

‘Creative design involves the active modification or 

rejection of previously accepted ideas, ideas that 

might otherwise block progress.’ 

Crilly (2015) Design Studies 

‘The conceptual judgement of the design 

instructors.’ 
Demirkan and Afacan (2012) Design Studies 

‘Creativity is often characterized by referring to the 

novelty (e.g., solutions have less frequent features) 

and utility (i.e. solutions satisfy precise needs) of the 

solutions. Creativity in physics is described by 

inventiveness and orderliness, and creativity in art is 

represented by imagination and originality.’ 

Doboli and Umbarkar (2014) Design Studies 

‘The action events that are novel in the context of a 

collaborative environment.’ 

D'Souza and Dastmalchi 

(2016) 
Design Studies 

‘The act of creating something new, a new insight, a 

new theory or a novel design.’ 
Eckert et al. (2012) 

Journal of 

Engineering Design 

‘Novelty, value, and surprise.’ Grace et al. (2015) 

International 

Journal of Design 

Creativity and 

Innovation 

‘Creativity produces work that has the quality of 

being both original and useful.’ and ‘Designs that are 

fresh and new to the domain.’ 

Jeffries (2007) Design Studies 

‘The ability to generate new ideas or new association 

between existing ideas.’ 
Kazerounian and Foley (2007) 

Journal of 

Mechanical Design 

‘Useful, novel and surprising.’ Kelly and Gero (2017) 

International 

Journal of Design 

Creativity and 

Innovation 

‘An inspirational force that generates new ideas or 

produces novel combinations of existing ideas, 

leading to further solutions or deeper 

understanding.’ 

Keshwani et al. (2017) 
Journal of 

Engineering Design 
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‘A person's ability to produce a novel and 

appropriate product.’ 
Kim et al. (2007) Design Studies 

‘A measure of value or novelty which is expressed 

(or made tangible or visible) in a design.’ 
Lee et al. (2015) 

International 

Journal of Design 

Creativity and 

Innovation 

‘Three characteristics: novelty, usefulness and 

surprising.’ 

Mahdizadeh Hakak et al. 

(2016) 

International 

Journal of Design 

Creativity and 

Innovation 

‘A process to evaluate a problem in an unexpected 

or unusual fashion in order to generate ideas that 

are novel. Also, creativity (noun) refers to novelty 

and originality.’ 

Oman et al. (2013) 
Research in 

Engineering Design 

‘Idea, concept or product that is considered creative 

by the design team and/or in the organization.’ and 

‘A novel way of satisfying all constraints.’ 

Onarheim (2012) 
Journal of 

Engineering Design 

‘The relative efficiency of design value generation.’ 
Redelinghuys and Bahill 

(2006) 

Journal of 

Engineering Design 

‘Ideas or concepts that are both novel and useful.’ Robertson et al. (2007) 
Journal of 

Mechanical Design 

‘Creativity occurs through a process by which an 

agent uses its ability to generate ideas, solutions or 

products that are novel and valuable.’ 

Sarkar and Chakrabarti (2011) Design Studies 

‘Original, appropriate, and unexpected.’ Snider et al. (2016) 
Research in 

Engineering Design 

‘The ability to produce something that is both novel 

and useful.’ 
Sosa and Marle (2013) 

Journal of 

Mechanical Design 

‘Newness (or difference) and task appropriateness 

(or usefulness).’ 
Tan (2016) 

International 

Journal of Design 

Creativity and 

Innovation 

‘The production of novel, useful products, or ideas 

that are both original and feasible.’ 
Toh and Miller (2015) Design Studies 

‘The process of developing new and original ideas 

that are somehow appropriate for a specific 

function, or occasion, thus bringing value to 

prospective users or adopters.’ 

Valgeirsdottir et al. (2015) 

International 

Journal of Design 

Creativity and 

Innovation 

 

As shown in the table, the definitions of creativity used by different design researchers are 

various. Demirkan and Afacan (2012) indicated that the nature of creativity is so complex 

that there is no single definition for encompassing and identifying this concept. However, 

‘novelty’ and ‘usefulness’ are the most common terms used for defining creativity in design 
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research. This is in line with the findings indicated by Sarkar and Chakrabarti (2007), in 

which they provided a common definition ‘creativity occurs through a process by which an 

agent uses its ability to generate ideas, solutions or products that are novel and valuable’. In 

recent years, ‘surprise’ has been increasingly considered as a third characteristic of 

creativity. ‘Surprise’ is used to describe the notion of evoking unexpectedness which is not 

involved in ‘novelty’ (Valgeirsdottir et al., 2015). Summarising all the definitions, design 

creativity could be defined as the ability to generate ideas or products that are novel, useful 

and surprising.  

 

3.2. Creativity Tools 

Innovation initiates with the generation of creative ideas, in which ideation is an integral 

part of design determining the type of designs produced (Howard et al., 2011). Thus, there 

is a great need of producing creative ideas for supporting product design and development, 

leading to successful innovations. Howard et al. (2011) indicated that the generation of 

creative ideas could be improved through providing nurture, freedom and time. However, 

coming up with creative ideas is challenging.  

A number of idea generation methods or tools have been developed to help designers 

produce alternative ideas. Most of creativity tools try to enhance ideation fluency (the 

quantity of ideas produced), flexibility (the distinctions of ideas from each from) and 

originality (the uniqueness of ideas generated) (Childs, 2018). Idea generation methods or 

tools will not generate ideas, but are used support the idea generative process instead. 

These methods lead designers to explore a larger design space by providing structure and 

time constraints (Shah et al., 2003b). These methods could help designers produces creative 

ideas which could not be generated based on their intuition (Oman et al., 2013). However, 

many designers prefer not to use idea generation methods or creativity tools because of 

‘seemingly cumbersome steps that create long bouts of work’ (Oman et al., 2013). Lubart 

(2005) indicated that doubt, ambiguity and lack of perseverance are the factors why 

designers abandon creativity methods. 

Idea generation methods are divided into two categories: intuitive and logical (Shah et al., 

2003a). Intuitive methods employ mechanisms to remove mental blocks, which involves 
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ideation methods such as Brainstorming (Osborn, 1979), Morphological Analysis (Zwicky, 

1969), C-Sketch (Shah et al., 2001), and Fishbone Diagrams (Fogler et al., 1995). Logical 

methods rely heavily on technical databases as well as science and engineering principles, 

which includes systematic decomposition and analysis of a problem. Idea generation 

methods such as TRIZ (Altshuller, 1984) and Forward Steps (Pahl and Beitz, 2013) belong to 

logical methods. 

Schneiderman et al. (2005, 2006) claimed creativity support tools are a high-risk research 

topic, but with a very high payoff. There is a wide range of potential users of creativity 

support tools, involving engineers, scientist, designers, architects, educators, students and 

many others. Through conducting a workshop, Schneiderman et al. (2005, 2006) indicated 

that accelerating creativity support tools research and education, promoting rigorous 

multidimensional evaluation methods, and rethinking user interfaces of creativity tools are 

the further steps of this research topic. Besides, Töre Yargın et al. (2017) claimed that 

analogical design support tools (a type of creativity support tool) require a broad and 

detailed catalogue of sources, well-structured and -presented information, and an interface 

that promotes engaging and effective interactions. 

In this section, idea generation methods or tools are classified into non-computational 

methods and computational methods. Comparing with non-computational tools, 

computational methods involve using computers or computational techniques for 

supporting idea generation. This section briefly reviews twenty popular non-computational 

as well as computational methods used in design, providing an overview of tools and 

methods for supporting creative idea generation. 

 

3.2.1. Non-computational Methods 

(1). Brainstorming 

Brainstorming (Osborn, 1979) is used to produce ideas for solving a stated problem via 

group discussions. It can also be used by individuals. Brainstorming is one of the most 

popular creative methods used by organisations. It provides an open and free environment 

encouraging individuals to discard conventional mental patterns for exploring new ideas and 
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associations. The quantity of ideas rather than the quality is emphasised within 

brainstorming. Mover, criticism, evaluation and judging ideas are forbidden during 

brainstorming sessions (Childs, 2018). A variety of brainstorming techniques have been 

developed, such as flip chart, post-it and alphabet brainstorming. Brainstorming is an easy-

to-use method, but many ideas produced might not be feasible. Additionally, the rate of 

ideation decreases after 30 min with a significant decrease in idea quality after 20 min 

during a brainstorming session (Howard et al., 2009, Howard et al., 2011). However, idea 

judgements often occur during brainstorming sessions unintentionally or intentionally, 

which affect the ideation process. Besides, the creativity level of the ideas generated is 

highly depended on the users involved, as this method relies heavily on the users’ 

experience, knowledge and creativity. 

 

(2). SCAMPER 

Table 3.2. Questions for SCAMPER (Chulvi et al., 2013) 

Questions 

What can be blended, mixed, or included? 

What happens if the assembly is reversed? 

What are the other ways to use it? 

What can be substituted? 

What can be combined? 

What else is similar to the ‘object to be designed’? 

What ideas can be combined? 

What can be made larger or smaller? 

How can the colour, sound, smell, or touch be changed? 

Which parts can be eliminated? 

Which parts can be repeated, duplicated, triplicated, etc.? 

Does its shape suggest other uses? 

Can it be turned inside out? 

Which parts can be longer or thicker? 

Which parts should be added? 

What other process of introduction/extraction could be used? 

What else is like a classifier? 

What if there is no ‘product’? 

How can it be made more compact or shorter? 

Can it be turned upside down? 

Does its shape suggest other uses? 
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SCAMPER, developed by Eberle (1996), stands for Substitute, Combine, Adapt, Modify, Put 

to other use, Eliminate and Reverse. It is often employed in ideation for developing or 

modifying ideas that already exist. There is a series of questions used in the SCAMPER, as 

shown in Table 3.2, to producing new ideas by changing existing ones. The questions are a 

part of the ideation process, while the most appropriate idea for solving the problem needs 

to be selected (Chulvi et al., 2013). SCAMPER is intuitive and easy to use, and ideas 

produced by the tool could be a good starting point for discussions and further 

considerations. It is also considered as an effective tool used for introducing creativity into 

thinking in education. Some of the ideas produced by using SCAMPER may not be feasible, 

but Chulvi et al. (2012a) indicated that ideas produced by using SCAMPER are more 

potentially feasible than the ones produced by using Brainstorming. However, it is difficult 

to apply all the aspects (questions) of SCAMPER to produce ideas. Besides, SCAMPER is 

feasible for generating new ideas based on existing ones, while it is challenging to use 

SCAMPER to produce new ideas from scratch.  

 

(3). TRIZ 

TRIZ (The Theory of Inventive Problem Solving) is proposed by Altshuller (1984) through 

analysing thousands of inventions/patents. It is a technology-based systematic methodology 

for discovering innovative solutions from other areas that use available resources (Childs, 

2018). TRIZ is considered as a toolkit, which involves the 39 generic parameters, the 40 

inventive principles, the contradiction matrix and so forth, for guiding the idea generation 

process. The 39 generic parameters involve items such as weight of moving object, area of 

moving object, speed, force, power, reliability, and ease of operation. These parameters 

could be used to identify critical features in the problem. The 40 principles are used to solve 

conflicts between the parameters in the contradiction matrix. The 40 principles could also 

be used individually for solving challenges. The principles include items such as 

segmentation, extraction, local quality, combining, nesting, feedback, phase change, and 

composite materials. Vincent et al. (2006) developed a biological phenomenon based TRIZ, 

called BioTRIZ, for inventing new ideas by employing rules from nature. TRIZ is a structural 

and logical approach to problem-solving, which often leads to optimal solutions. However, 

TRIZ is a complex method requiring users to have a rich store of knowledge. Moreover, it is 
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difficult and time-consuming to learn and master this method.  Besides, TRIZ was developed 

based on analysing patents and inventions which existed several decades ago. Technologies 

and inventions have advanced rapidly in the past few decades, which has led to a significant 

growth of patents in both quantity and variety. Thereby, there might be a need to explore 

new generic parameters, inventive principles, contradiction matrix parameters according to 

the new patents and inventions, in order to produce creative ideas for nowadays markets. 

 

(4). Six Thinking Hats 

Six Thinking Hats (De Bono, 1985) is a parallel thinking process for helping individuals to be 

productive, focused and involved. It is a tool for group discussion and individual thinking 

including six thinking hats of different colours. Each of the thinking hats represents a unique 

style of thinking. The user’s style of thinking can be redirected by wearing and switching 

different coloured thinking hats. The six coloured thinking hats or style of thinking are: The 

White Hat (information) is for considering known or needed information; The Yellow Hat 

(optimism) is for exploring benefits and positive solutions; The Black Hat (judgement) is for 

identifying difficulties and negative outcomes; The Red Hat (emotions) is used to signify 

emotion feelings and intuitive reactions; The Green Hat (creativity) is for discovering 

alternatives, new perceptions and ideas; The Blue Hat (managing) is used to manage the 

thinking process focusing on the aim and goal. The Six Thinking Hats has multiple 

applications in design such as product and process improvement, critical thinking and 

problem solving, decision making and collective problem solving. The approach can reduce 

conflicts, maximise productive collaboration, spot opportunities, encourage participation 

and inspire creative thinking. However, the results of this approach depend on the people 

involved. Experience and knowledge levels, as well as personality traits, such as extraversion 

and agreeableness (Goldberg, 1993), of the people involved will affect the results produced. 

Besides, the thinking processes involved in the Six Thinking Hats can be very time-

consuming.  
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(5). Morphological Analysis  

Morphological analysis is proposed by Zwicky (1969) as a technique for producing ideas that 

would not normally emerge in mind. It involves breaking down a product, process or system 

into its essential sub-systems of sub-functions. These sub-systems/functions are then 

fulfilled by producing a variety of means. Each of the sub-systems/functions and the fulfilling 

means represents a dimension in a matrix. New ideas are invented by combining one means 

from each sub-systems/functions (Childs, 2018). Garvey et al. (2018) indicated that 

Morphological Analysis can be applied to support research in three domains: creativity and 

technology forecasting, future and scenario planning, and systems uncertainties. It could 

reduce large potential research problem spaces by decreasing interconnected parameters 

related to the problem. However, Morphological Analysis is more effective for solving well-

structured problems (Sawyer, 2011). In order to produce novel and useful ideas by using 

Morphological analysis, the means in the matrix need to be further expanded by using 

additional knowledge database (Garvey et al., 2018). Moreover, the evaluation and 

selection of the ideas produced is a significant issue of Morphological analysis, as various 

combinations of different means from sub-systems/functions could lead to numerous 

results. This method could be time-consuming depends on the complexity of the problem 

and the quality of the output needed.  

  

(6). Design-by-Analogy 

Design-by-Analogy is a method for supporting designers in identifying and developing ideas 

to solve problems based on related scenarios and connected experiences (analogies) 

(Goldschmidt, 2001, Linsey et al., 2007, Linsey et al., 2012, Moreno et al., 2014). Analogy is a 

process of using the knowledge from a familiar domain (source domain) to understand the 

knowledge from an unfamiliar domain (target domain) by the establishment of relations 

(Gentner, 1983). It is a technique often employed by professional designers (Christensen 

and Schunn, 2007, Blanchette and Dunbar, 2001, Ball et al., 2004). Far-domain analogies (Fu 

et al., 2013) are often used by engineers for supporting idea generation (Casakin and 

Goldschmidt, 1999, Christensen and Schunn, 2007), while close-domain analogies (Fu et al., 

2013) are often used for planning processes, estimating costs and evaluating concepts for a 
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new product (Eckert et al., 2005). Several non-computational and computational tools are 

derived from Design-by-Analogy, such as Kritik (Goel et al., 1997), IDeAL (Bhatta and Goel, 

1996, Goel and Bhatta, 2004), the WordTree method (Linsey et al., 2012), Idea Inspire 3.0 

(Chakrabarti et al., 2017) and DANE (Vattam et al., 2011, Goel et al., 2012). However, 

Design-by-Analogy requires analogous products or items, which might be difficult for some 

individuals because of lacking imagination and relevant knowledge. It is also challenging to 

mapping knowledge from a source domain to a target domain. This creative idea generation 

method is often adopted by expert designers rather than novice designers, as it requires the 

user to possess a high level of knowledge storage and the capability of mapping knowledge. 

 

(7). The WordTree Method  

The WordTree method is a Design-by-Analogy method developed by Linsey et al. (2008a, 

2008b, 2012). It is a structured approach used to re-represent design problems and identify 

potential analogies for supporting idea generation. The WordTree method does not need 

specialised computational knowledge bases, but uses available information sources (such as 

Google and patent databases) and a design team’s knowledge. Experiments conducted by 

Linsey et al. (2012) demonstrated the effectiveness of the WortTree method, and indicated 

the tool could help designers produce unexpected and unique solutions. The process of the 

WordTree method is shown in Figure 3.2. It begins with defining the key problem 

descriptors which are single action verbs derived from customer needs used for a design 

problem, for example ‘fold’ and ‘store’. The next step is to create WordTrees by using a 

team’s knowledge and the WordNet to re-represent the key problem descriptors. Next, the 

team identifies analogous domain and potential analogies as well as creates multiple 

problem statements by using the WordTrees. Patents and analogies are searched and 

researched for supporting the identification of analogous domains and analogies, 

respectively. Finally, more ideas are produced by the team through using the analogy 

results, in which rotational brainwriting is recommended as the idea generation result. 

However, some engineers are not using the identified analogies effectively. As a method 

developed based on Design-by-Analogy, it is also difficult for users to transfer knowledge 

from a source domain to a target domain. Additionally, forming a WordTree relies 

significantly on the users’ knowledge, and expert designers are thereby more suitable for 



34 
 

using this method. Also, the WordTree method derives its effectiveness based on a design 

team’s knowledge (Linsey et al. 2008b). 

 

 

Figure 3.2. The WordTree Method (Linsey et al., 2012) 

 

(8). Bio-Inspired Design  

Bio-inspired design (Helms et al., 2009, Chakrabarti and Shu, 2010, Fu et al., 2014) is a 

Design-by-Analogy method that uses biological systems to generate ideas for solving 

problems. It is an interdisciplinary method based on far-domain analogies, engineering and 

biology (Helms et al., 2009). Bio-inspired design process often begins with either the 

solution or the problem. Processes such as problem or biological solution definition, reframe 

the problem or the solution, biological solution or problem search, define the biological 

solution or the problem, principle extraction and application are involved in bio-inspired 

design. However, there is no normative process exists in bio-inspired design. Several 

databases are developed to support bio-inspired design, for example, the AskNature online 
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library (asknature.org) and the descriptions of biological and engineering designs in 

SAPPhiRE (Chakrabarti et al., 2005). Besides databases, some methods and tools are 

developed to support bio-inspired design, such as the use of natural language analysis (Chiu 

and Shu, 2007) and BioTRIZ (Vincent et al., 2006). Bio-inspired design is difficult because of 

communication challenges and different design perspectives between design engineers and 

biologists, as well as different resources available in the engineering domain and nature 

(Helms et al., 2009). Besides, it is challenging to understand biological and technological 

systems, search for and evaluate biological analogies, map knowledge, and evaluate design 

solutions.  

 

(9). 77 Design Heuristics 

The 77 Design Heuristics is proposed by Yilmaz et al. (2016), as shown in Figure 3.3. A 

heuristic is defined as a mental shortcut that captures cognitive strategies for generating 

solutions (Nisbett and Ross, 1980). Heuristics are learned from experience and used without 

conscious access (Nisbett and Ross, 1980, Yilmaz and Seifert, 2011). The 77 Design Heuristics 

were created by studying strategies used by industrial and engineering designers, thousands 

of design concepts such as award-winning products, concept sets from about 50 designers 

for a single design problem, and so forth. It is a set of patterns involving how designers tend 

to apply intentional variation in product design. The 77 Design Heuristics offers a conceptual 

bridge between general design theories and often-used design precedents. It provides 

‘cognitive shortcuts’ (multiple design strategies) to support designers in producing ideas and 

innovative solutions during the early stages of design. This creativity method could be an 

effective approach in design education for cultivating students’ or novice designers’ creative 

thinking. However, it could be time-consuming to select appropriate heuristics from the 77 

Design Heuristics to solve a problem at hand. Thereby, a heuristic selection method or tool 

is needed to be developed. Similar to TRIZ, this method was developed based on past ‘data’ 

or designs, as numerous concepts and products involving new technologies are created 

every year. Therefore, new design heuristics are needed to be explored to keep up with the 

nowadays fast-moving trends.  
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Figure 3.3. The 77 Design Heuristics: Heuristics 1 to 9 (Yilmaz et al., 2016) 
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(10). Concept Synthesis  

Three concept-synthesising methods (Taura et al., 2007, Nagai et al., 2009, Taura and Nagai, 

2013) have been developed to assist the idea generation stage in design. The three methods 

are known as property mapping, concept blending, and concept integration in thematic 

relation. These three methods help to produce new ideas through interpreting novel noun-

noun phrases, as shown in Figure 3.4. Property mapping includes transferring some features 

from an existing idea to another idea, and it is regarded as the most effective method. For 

example, a combined concept ‘snow-tomato’ can be interpreted as a ‘white tomato’, as 

‘white’ is a feature of ‘snow’. Concept blending involves blending two basic ideas at the 

abstract level to produce a new idea that inherits partial structural features from the basic 

ideas as well as possessing its own structural features. For instance, a ‘powdered ketchup’, 

which is a tomato (ketchup) in the form of snow, can be derived from the ‘snow-tomato’ 

idea. Concept integration includes combining two basic ideas through applying thematic 

relations. For example, according to the ‘snow-tomato’ concept, a ‘humidifying refrigerator’ 

can be generated from the scene of situation that a tomato is covered in snow. The three 

concept-synthesising methods are matched respectively with the linguistic interpretation 

methods: property mapping, hybrid linking and relation linking. However, this approach 

depends on the user’s capability of interpreting synthesised concepts, associative thinking 

and level of expertise. Some of the ideas generated might not be feasible. 

 

Figure 3.4. The three concept synthesis methods (example of snow-tomato) (Nagai et al., 2009) 
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3.2.2. Computational Methods 

(1). KRITIK 

KRITIK, which is developed by Goel et al. (1997), is the first autonomous case-based design 

system. It solves all major subtasks involved in case-based design: retrieval, adaptation, 

evaluation and storage. It employs case-based and model-based reasoning for producing 

conceptual designs, and uses structure-behaviour-function models for guiding design 

adaptions. The KRITIK produces a qualitative specification of a structure while the 

specification of a function is given. Next, it stores an inverse structure-behaviour-function 

mapping in each past case. The structure-behaviour-function model captures 

comprehension of how a design functions, and it is a good foundation of case-based 

reasoning. However, issues such as indexing, organisation and retrieval have been identified 

by users as concerns with this approach. 

 

(2). Concept Generator 

Concept Generator is an automated mathematically-based design tool developed by Bryant 

et al. (2005a, 2005b, 2006), as shown in Figure 3.5. It is developed based on an algorithm 

using the Functional Basis and an online design knowledge repository to produce feasible 

concept design variants with rankings. The tool is aimed to augment conceptual design 

activities and generate a number of viable design concepts during the early phases of 

design. The Functional Basis is known as a ‘standard’ language of design, which is the result 

of studies conducted by Otto and Wood (1997), Szykman et al. (1999), Hirtz et al. (2002), 

and so forth. The Function Basis uses function words, such as human, status, mechanical 

and thermal, and flow words, such as separate, import, couple, convert and store, to 

produce descriptions for sub-functions. It is used in the Concept Generator to produce 

functional models for products, which are used to capture design knowledge from the 

existing design repository. This repository used in the tool is developed by Bohm and Stone 

(2004), which involves descriptive product information and design structure matrices. The 

algorithm of the Concept Generator involves five steps: conceptual functional model 

generation, function-component relations definition using existing design knowledge, 

conceptual variants computation for solving the function model, component-component 
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compatibility definition using existing design knowledge, and conceptual variants filtration 

using component compatibility knowledge. The output of the Concept Generator could help 

users solve design problems at hand. However, the data entry procedure needs to be 

improved for augmenting the design repository population in order to make the approach 

more user friendly. Moreover, a suitable component naming taxonomy could be developed 

or refined to support the algorithm of the Concept Generator. Kim and Lee (2010) indicated 

that engineering designers concern product actualising functions, working performance and 

product architecture in product design, while industrial designers focus on aesthetics, 

ergonomics and user interface. Thus, this method is feasible for engineering designers, but 

might not be suitable for industrial designers in product design. 

 

 

Figure 3.5. The Concept Generator interface (Bryant et al., 2006) 
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(3). DANE 

DANE (Vattam et al., 2011, Goel et al., 2012), also known as Design-by-Analogy to Nature 

Engine, is a knowledge-based computer-aided design system for supporting bio-inspired 

design. It is aimed to assist designers in collaborative, conceptual and creative design. The 

tool is based on a database involving SBF (Structure-Behaviour-Function) models of 

biological and engineering systems. It supports the addition of new systems into the 

database by its users. However, most of the added systems are incomplete. The systems 

involved in the database are linked with each other hierarchically for representing complex 

systems. The tool users could search and access biological and engineering systems, and the 

results are presented to users in various forms such as text and image, as shown in Figure 

3.6. These results could be processed further by DANE, such as showing structured 

information of the selected system and providing textual descriptions of functions, 

structures, behaviours and so on. These outcomes can be used as biological stimuli for 

supporting idea generation. However, the tool does not support crowd-sourcing that can 

potentially enhance its database and improves its capability. Besides, the number of models 

involved in the tool is very limited. Employing SBF is beneficial for producing ideas for 

solving engineering problems, while its capability is limited in other design areas, such as 

industrial design and product design.  

 

Figure 3.6. The main DANE screen – An example of ‘Basilisk Lizard Walks on Water’ (Goel et al., 

2012) 
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(4). Analogy Finder 

Analogy Finder (McCaffrey, 2013, McCaffrey and Spector, 2017) is a computational tool that 

explores adaptable analogous ideas to a problem through conducting searches, as shown in 

Figure 3.7. The ideas produced are often beyond an individuals’ areas of expertise. 

According to a given input, the tool produces a wide range of goal phrases by rephrasing the 

input using synonyms and verbs, which leads to diverse areas for exploration. After that, 

analogous ideas or solutions from other fields are retrieved from the US Patent database. 

The retrieved ideas or patents could be adapted for solving the original problem. Although 

Analogy Finder is easy to use, it requires the users to have a high level of expertise and 

knowledge. It is difficult for users to understand the patents retrieved by the tool and adapt 

the patents to solve design problems, as patents are often written in a confusing style to 

avoid others from imitating. Using patents to produce new ideas for developing innovative 

designs are challenging. As illustrated previously, patents involve knowledge from the past, 

which constrained its capability of solving problems containing advanced technologies. 

Besides, the tool is focused on solving technical problems in engineering areas, which has 

limited its capability among other areas such as product design. 

 

 

Figure 3.7. The Analogy Finder – An example of searching ‘adhere coating’ (McCaffrey, 2013) 
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(5). Different Dimensional Concepts Combination 

Different dimensional concepts combination is a computational method proposed by 

Bacciotti et al. (2016) to provoke idea generation for new product features. The method 

combines concepts belonging to different dimensions (different categories of the 

classification) to explore scenarios in which a product can show unprecedented benefits to 

customers as well as stakeholders. The detailed workflow of the computational method is 

shown in Figure 3.8. In the workflow, General Demands refer to existing or emerging needs 

or value opportunities. Life Cycle phases are circumstances which might occur during a 

product existence. Systems indicate that a product needs to be analysed from different 

levels of detail. Stakeholders are the ones that involve in a product as well as extract value 

from the product. The Quick tool, Standard tool and Detailed tool are three different 

combination procedures for generating ideas. A test conducted by the authors showed that 

the computational combination methods could support idea generation, increasing idea 

novelty and browsing existing customer requirements. However, this method requires its 

users to process a protracted series of questions and stimuli, which might create boredom. 

To some extent, this tool is similar to Morphological analysis, as it involves combining 

various means to produce new ideas. Idea evaluation and selection methods are thereby 

needed to be implemented into the tool to improve its effectiveness and efficiency. 

 

Figure 3.8. The workflow diagram of the different dimensional concepts combination method 

(Bacciotti et al., 2016) 
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(6). Idea Inspire 3.0 

Idea Inspire 3.0 is a design support tool developed by Chakrabarti et al. (2017), which is 

considered as a computational Design-by-Analogy and bio-mimetic design approach. It is a 

web-based tool used for supporting the novel idea generation, understanding, as well as 

synthesis and expansion of its database. It supports retrieval and visualisation of systems, as 

shown in Figure 3.9 and 3.10. To be more specific, Idea Inspire 3.0 could retrieve 

descriptions of systems from natural and artificial domain while a design problem is 

provided. These descriptions are considered as stimuli for supporting idea generation. The 

retrieved systems are represented uniquely for adequate understanding, which employs 

multi-systems and multi-instance SAPPhiRE model as the basis, with the support of multi-

modal explanation. In addition, Idea Inspire 3.0 allows users to add new systems. The 

SAPPhiRE model of causality (Chakrabarti et al., 2005), which stands for State-Action-Part-

Phenomenon-input-oRgan-Effect, is used in Idea Inspire for browsing entries and forming 

searches of different complexity degrees. This tool has employed videos and images to 

support design, which has overcome the limitations of using only texts in some of the 

previous computational tools.  

However, user training, such as understanding the SAPPhiRE model of causality and how to 

operate the system, is needed before using the tool. The outputs produced by the tool 

involves a certain amount of biological knowledge, which could be challenging for novice 

designers as well as engineers. Besides, the tool is focused on producing ideas to solve 

problems related to the functional aspects of a design, such as the actions and the desired 

system involving energy, materials, and components. Other aspects of the design, such as 

aesthetics, are not involved in the tool. Therefore, the tool is feasible for producing creative 

ideas for engineering designs, but lack of capabilities in terms of other design areas, such as 

product design.  
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Figure 3.9. The retrieval function of Idea Inspire 3.0 (Chakrabarti et al., 2017) 

 

Figure 3.10. The representation function of Idea Inspire 3.0 (Chakrabarti et al., 2017) 
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(7). Synthesis of Existing Scenes 

Synthesising existing scenes through using thematic relations to produce new scenes for 

supporting creative designs is a computational approach proposed by Georgiev et al. (2017). 

Thematic relations are the ones between two objects via a thematic scene, for instance ‘a 

fish is baked by oven’. Thematic relations play a vital role in design for representing a range 

of scenes or cases. A database of thematic relations to store scenes was developed by the 

authors, which involves contexts such as different periods in time, culture and technology. 

By using the database, the synthesis approach combines scenes from different contexts by 

using similar thematic relations, which are identified by using a ‘similar-dissimilar word 

search’ method, to construct new scenes. An example of synthesising thematic relations of 

different technology is shown in Figure 3.11. However, some of the new scenes created by 

the approach are difficult to understand. Corresponding images are thereby required to be 

presented to support the users in understanding the outcomes. As a tool developed based 

on the concept of ‘synthesis’, numerous ideas are produced through various combinations. 

Thereby, a module to evaluate the results produced or to guide the synthesis process is 

needed to be explored, in order to select feasible creative ideas for further development. 

Besides, the database for supporting the approach needs to be improved to contain more 

thematic relations of many different types.  

 

Figure 3.11. An example of synthesising thematic relations for different technology ((a). The 

synthesis process, (b). The Database) (Georgiev et al., 2017) 
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(8). Intelligent Creative Conceptual Design System 

Intelligent Creative Conceptual Design System (ICCDS), developed by Hu et al. (2017), is a 

function-behaviour-structure (FBS) cell based computational tool for supporting creative 

conceptual design, as shown in Figure 3.12. The FBS knowledge cell model is an integration 

of the function-behaviour-structure model (Gero, 1990, Gero and Kannengiesser, 2007) and 

the case-based reasoning (Gero, 1990, Goel, 1997). It is a consistent design knowledge 

representation model for representing and reusing design knowledge. ICCDS provides an 

FBS knowledge cell library, a search tool and a morphological matrix based solution 

generation tool. Users of ICCDS could retrieve FBS knowledge cells from the library to 

produce design ideas or solutions through combining the cells using the solution generation 

tool. The design system could provoke creative thinking for producing creative design ideas 

by reusing multidisciplinary design knowledge. However, the FBS knowledge cell library 

needs to be enriched to enhance the design system. In its current formula, the ICCDS tool is 

mainly focused on producing design ideas in engineering areas rather than other design 

fields. Thereby, ICCDS is not suitable for industrial designers and product designers to 

produce design ideas for new products that involve aspects other than mechanical 

components.  

 

Figure 3.12. The interface of ICCDS – An example of insulin pump design (Hu et al., 2017) 
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(9). B-Link 

B-Link is a web-based data-driven design support tool developed by Shi et al. (2017a, 2017b) 

and Chen et al. (2017), available from http://www.imperial.ac.uk/design-

engineering/research/engineering-design/creativity/b-link/. Its database was created based 

on academic publications by using data mining, natural language processing and machine 

learning. B-link provides a visual map relating to the inputs, which acts as a basis for further 

inspiration and insight, as shown in Figure 3.13. The tool is aimed to help designers discover 

creative knowledge and associations of knowledge for supporting design creativity. It could 

be used to explore ideas, investigate links between ideas and cluster ideas. Childs (2018) 

indicated the tool could be considered as a computational aid for Brainstorming. B-Link has 

been validated for several times. For instance, a portable water desalination device using a 

hydrophobic membrane and solar panels for distillation was developed by using the tool. 

However, the diversity of stimuli produced by the tool (such as the dots and links in Figure 

3.13) can be overwhelming. In addition, some stimuli are rather professional that high level 

of pre-knowledge is needed. Based on its current database, B-Link is good at producing 

ideas for solving technical design problems, such as ideas of designing an anti-vibration 

container for a tracking device. Due to a limited amount of general knowledge stored, it is 

challenging for B-Link to produce general design ideas, such as a new attractive design of a 

coffee cup. 

 

(a) Exploring ‘design’ in B-Link 
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(b) Investigating the links between ‘design’ and ‘creativity’ 

Figure 3.13. An example of using the B-Link 

 

(10). AI Image Synthesis 

AI image synthesis (Chen et al., 2018) is an artificial intelligence method for supporting idea 

generation during the early stages of design. It employs Generative Adversarial Network 

(GAN), which is an artificial intelligence model for generating images, to produce 

synthesised images for prompting combinational creativity. GAN basically consists of a 

generator and a discriminator. The generator is able to generate random images by 

sampling noise vectors from a distribution such as a Gaussian distribution. It is modelled to 

learn from a true dataset by generating images that are difficult for the discriminator to 

distinguish from ‘real’ images. The discriminator takes an image either from the generator 

or the true dataset and estimates the probability of the image to be ‘real’. It is modelled to 

estimate a low probability when a ‘fake’ image is fed, and produce a high probability for a 

‘real’ image. The generator and discriminator are trained adversarially to compete with each 

other so that their capability can be improved. The GAN model for image synthesis used in 

this method involves a generator and two discriminators. Each of the discriminators is 

responsible for distinguishing one image category from the images generated by the 

generator. The generator is trained to produce images that are ‘real’ to both discriminators, 
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and thereby generates synthesised images of the two image categories. However, in the 

current formula, this AI method could only process simple images, such as spoons and 

leaves, as shown in Figure 3.14. In addition, training of the model is required before it could 

produce desired synthesised images. This process is very time consuming, which might need 

days or even weeks, as thousands of images are required to be fed into the model.  

 

Figure 3.14. Synthesised images of spoons and leaves produced by the method (Chen et al., 2018) 

 

3.2.3. A New Research Opportunity and Motivations 

Through reviewing a number of methods, computational and non-computational, for 

producing ideas in the design context, we can see that most of the computational tools are 

aimed at producing ideas for solving technical and functional problems. Some other tools, 

especially non-computational ones, rely heavily on expert knowledge and capabilities. 

Besides, the ‘data’ employed by most of the tools belong to the past, such as patents and 

past inventions. In addition, Goel et al. (2012) indicated that the next generation of 

computer-aided design system needs to be based on cognitive aspects of design, and 

support conceptual and creative design. In order to address these issues, the author is 

highly motivated to seize this new research opportunity of exploring advanced cognitive-

based computational design tools to support creative idea generation in the context of 

product design. The tool should be user-friendly to novice designers, as well as employ up-

to-date design ‘data’.  
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3.3. Creativity Evaluation 

Creativity evaluation plays a significant role in design, especially during the early stages of 

design. It is vital to help select the most creative idea and product, as well as identify better 

inventors and designers (Sarkar and Chakrabarti, 2011). As shown in the study conducted by 

Oman et al. (2013), creativity evaluation methods involve assessing creativity of product, 

process, and personality. Creativity of personality is not discussed in this thesis, thereby 

methods for evaluating creativity of personality are not reviewed. Creativity evaluation in 

this study refers to assessing creative idea generation methods (creativity of process) as well 

as evaluating ideas produced by the methods (creativity of product). This section briefly 

reviews several popular creativity evaluation methods used in design. 

Shah et al. (2003a) indicated that idea generation could be evaluated through process-based 

and outcome-based approaches. Process-based methods need to collect data via protocol 

studies and use ideation cognitive models for analysis. However, process-based approaches 

are difficult, as it is difficult to observe ideation cognitive processes and relate the processes 

to idea generation. Outcome-based methods indicate that an ideation method is considered 

useful and effective, if its results are ‘good’. This type of approach is commonly used in 

design, as it is not difficult for experts to evaluate a set of ideas to a given design problem. In 

addition, experts are often used to evaluate creativity across various domains (Amabile, 

1996, Chiu and Salustri, 2010, Sarkar and Chakrabarti, 2011). Hennessey and Amabile (2010) 

revealed that psychologists commonly agree novelty and appropriateness are the main 

criteria of creativity. Appropriateness is also known as usefulness, correctness, value and 

fitting the requirements of the problem, while novelty is known as originality (Paletz and 

Peng, 2008). 

Amabile (1982, 1983) developed the Consensual Assessment Technique (CAT) for creativity 

evaluation, which is considered as the ‘gold standard’ in creativity research. This technique 

is grounded in a consensual definition of creativity, which describes creativity as ‘the 

process by which something so judged (to be creative) is produced’. The technique is based 

on an idea that the best measure of creativity of a product is the combined evaluation of 

experts in that domain in question (Kaufman et al., 2009). The CAT method basically 

involves two steps: 1. To ask participants to create something, such as a design idea or a 
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poem; 2. To ask experts in the domain in question to evaluate the creations generated by 

the participants using Likert-type scale (Baer and McKool, 2009). Kaufman et al. (2009) 

indicated that novices could be used to evaluate creativity instead of experts in CAT, but this 

requires a high inter-rater reliability among the novice-raters and a good correlation 

between the ratings of expert-raters and novice-raters. CAT relies on comparing creativity 

within a particular group, thereby it could not produce standard scoring systems for 

comparisons across settings (Kaufman et al., 2009). However, the comparison is challenging, 

as different experts might have different evaluation criteria. Besides, inviting a group of 

experts in the domain in question to evaluate the solutions to a problem is also difficult.  

 

 

Figure 3.15. Quality scale (Linsey, 2007) 

 

Shah et al. (2003a) proposed four metrics to evaluate creativity, which are novelty, quantity, 

quality and variety. Novelty indicates that an idea is new to an individual (personal novelty), 

new to all people in a particular society (society novelty), or new to the history (historical 

novelty). It is measured by comparing with existing non-novel ideas or all ideas produced by 

participants. Generating novel ideas is related to the expansion of the design space. Variety, 

which applies to a group of ideas, is a measure of the number of idea categories that 

participant(s) can produce. It is measured by grouping ideas via exploring the differences 

between two ideas. Variety indicates how well a designer has explored the design space. 

Quality shows whether an idea would be physically feasible or competitive. It is measured 

through assessing an idea’s feasibility and performance. A good quality idea shows a higher 

possibility of producing a better product at the end of design. Additionally, Linsey (2007) 

developed a three-point rating scale for measuring quality, as shown in Figure 3.15. 



52 
 

Quantity is the total number of ideas produced by an individual or a group. It is measured by 

counting the number of ideas generated. Producing more ideas increases the possibility of 

occurring better ideas. This creativity evaluation method is good at measuring the 

effectiveness of ideation approaches as well as the creativity of solving problems. However, 

measuring novelty and quality could be difficult, which depend on the expertise level of the 

rater. Thereby, multiple raters, with good inter-rater agreements, should be introduced to 

enhance the reliability of the measurements.  

López-Mesa et al. (2011) used four criteria, which are variety, quantity, novelty and 

feasibility, to evaluate creativity. These four metrics are aimed at measuring the 

effectiveness of idea-generation methods. Variety is defined as the diversity of solution 

produced, which is measured by counting the number of global solutions. Quantity is 

described as the amount of solutions considered, which is assessed by counting the number 

of variants. Novelty is considered as non-obviousness and newness compared with current 

paradigms. It is assessed by the percentage of similar solutions and characterisation of 

change types. Feasibility is known as how close a solution comes to meet the design 

specifications as well as the degree of economic implementability and manufacturability. It 

is decided by the time dedicated to each solution and the rate of attended reflections. 

Although these two parameters are correlated with feasibility, they could not provide an 

exact evaluation of feasibility. Similar to Shah et al.’s (2003a) method above, novelty and 

feasibility could be challenging to evaluate.  

Plucker and Makel (2010) indicated that cognitive processes are used to produce one or 

very few possible solutions to a specific problem in divergent thinking. Divergent thinking 

test, a psychometric measurement, is often used to assess the creative process. In the test, 

fluency, flexibility, originality, and elaborations of ideas are scored for creativity evaluation. 

Fluency is operationally defined as the number of ideas generated, and flexibility represents 

the number and/or uniqueness of categories of these ideas. Originality measures the 

uniqueness of ideas and elaboration shows the extension of ideas within a specific category. 

However, the DT (Divergent Thinking) test mainly focuses on evaluating the ability to 

generate ideas of creative processes, and it devalues the role of creativity in problem-

solving. 
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Figure 3.16. Steps of assessing novelty (Sarkar and Chakrabarti, 2011) 

 

Sarkar and Chakrabarti (2011) proposed a method for evaluating creativity by assessing 

novelty and usefulness. Novelty involves both new and original, while usefulness indicates 

social value. In this methods, novelty is assessed by employing FBS model and SAPPhIRE 

model (Chakrabarti et al., 2005). FBS model is used to identify whether a product is highly 

novel. The SAPPhIRE model is employed to assess the relative degree of novelty of a product 

compared with previous ones. The detail of evaluating novelty is shown in Figure 3.16. 

Importance of use or level of importance, rate of popularity of usage, and rate of use or rate 

of duration of benefit are three significant parameters, which are equally important, for 

evaluating the overall usefulness of products. Usefulness could be calculated by the 

equation ‘Usefulness (U) = Level of importance (L) × Rate of popularity of use (R) × 

Frequency of usage (F) × Duration of use or Duration of benefit per usage (D)’. Creativity is 

expressed as a function of novelty and usefulness, and thereby the overall creativity of a 

product is calculated by ‘Creativity (C) = Novelty (N) × Usefulness (U)’. This creativity 
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evaluation method could reflect designers’ collective and intuitive notion of creativity of 

products. It could also measure the degree of novelty. However, this method is aimed at 

assessing the creativity of a product rather than an initial design concept or the process of 

an idea generation method. Moreover, the assessment of Usefulness (U) requires the 

evaluators to explore the usage of a product, such as frequency and duration, which could 

be time-consuming as well as challenging. Besides, this evaluation method prefers expert 

evaluators rather than novices.  

Chiu and Shu (2012) used novelty, usefulness and cohesiveness to measure creativity in 

design. In this method, novelty refers to a newness, originality and surprise, while 

usefulness refers to appropriateness and value. Cohesiveness is a complementary criterion 

to novelty and usefulness for evaluating creativity, which is known as wholeness, 

elaboration, style, detail and clarity. These three criteria of a concept are measured by using 

an 11-point rating scale from 0 to 10. However, this creativity evaluation method is used to 

assess individual concepts rather than a group of concepts or an ideation process. The 

evaluation results might vary from raters to raters, depending on the raters’ knowledge of 

expertise. Multiple expert raters possessing good inter-rater agreements are needed to 

enhance the reliability of evaluation.  

Chulvi et al. (2012b) proposed a creativity evaluation questionnaire based on the Creative 

Product Semantic Scale (CPSS) proposed by O'Quin and Besemer (1989). This creativity 

evaluation method is based on two parameters: novelty and utility. CPSS is employed as the 

essential part of the creativity evaluation questionnaire, which is because CPSS has been 

validated for several times. Moreover, novelty and utility (resolution) are used to define 

creativity in CPSS. The creativity evaluation questionnaire is a seven-point Likert scale table, 

as shown in Figure 3.17. The questionnaire involves bipolar pairs of items referring novelty 

and utility. The items are mixed and some are reversed for avoiding raters’ inertia. This 

creativity evaluation method is aimed at assessing design solutions. However, this 

questionnaire involves ten items for evaluating utility and eight items for evaluating novelty. 

Thereby, a product has a higher degree of utility will result in a higher degree of creativity, 

while using this method for creativity assessment. Besides, this evaluation method is time-

consuming, especially for evaluating a group of ideas to identify the optimal ones.  
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Figure 3.17. The questionnaire based on CPSS for creativity evaluation (Chulvi et al., 2012b) 

 

Demirkan and Afacan (2012) proposed three factors (31 items) to evaluate creativity, 

especially in design education. Factor 1 is known as novelty and affective characteristics of 

the artefact. This factor is associated with the shape of the design, which involves items 

such as new, novel, unusual, different, and shape. Factor 2 is known as elaboration 

characteristics of the artefact, which involves items such as integrated, polished, geometric, 

balanced and harmony. This factor can be described as the variety of implications produced 

by a designer, and is related to geometric and figure-ground relations as well as harmony of 

design elements. Factor 3, which involves items such as rhythm, order, repetition, unity and 

number, is named as design principles. These three factors provide a theoretical framework 

for developing creativity evaluation tools. However, these three factors and the 31 items are 

specific to the samples involved in the study conducted by Demirkan and Afacan (2012). 

These samples are artefacts inspired by patterns from nature. To be more specific, the 

samples are paintings produced by participants through abstracting nature patterns. 

Thereby, the three factors might not be suitable to evaluate creativity of products or 

processes in the design context.  

Verhaegen et al. (2013) provided a high-level overview of metrics used for assessing the 

creativity of ideas and idea generation methods, as shown in Figure 3.18. This overview of 

creativity evaluation metrics is based on the studies conducted by Dean et al. (2006) and 

Shah et al. (2000). The overview describes different terminologies used for the metrics, 

which provides a consistent metric system of creativity evaluation between different 

studies. For instance, novelty is subdivided into paradigm relatedness and originality. 
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Originality indicates an idea is rare, surprising and imaginative, while paradigm relatedness 

shows an idea is transformational or radical. In this study, Verhaegen et al. (2013) refined 

the variety metric for creativity evaluation, proposed a level-based normalised variety 

metric relating to the degree of uniformness of idea distribution over nodes. The refined 

variety metric has addressed shortcomings in previous variety evaluation methods, such as 

an incorrect scaling of the variety metric in Shah et al. (2003a) and a lack of measurements 

of the uniformness degree of idea distribution over nodes. Although, the refined variety 

metric could produce a better creativity evaluation result, this has increased the complexity 

of creativity evaluation. Thereby, it could be very time-consuming while evaluating a 

product that is complex in physical and working principles.  

 

 

Figure 3.18. An overview of metrics for creativity evaluation (Verhaegen et al., 2013) 
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3.4. Chapter Conclusions 

Design studies on creativity, creativity tools and creativity evaluation have been reviewed in 

this chapter. Through reviewing around thirty definitions of creativity used by design 

researchers, design creativity can be considered to be the ability to generate ideas or 

products that are novel, useful and surprising. Twenty creativity tools have been reviewed, 

which involve non-computational and computational methods, ranging from conventional 

methods (such as brainstorming and TRIZ) to state-of-the-art methods (such as the ones 

employing data mining and artificial intelligence). About ten creativity evaluation methods 

have been reviewed, providing an overview of how creativity of products and processes are 

evaluated in the design context. This review chapter has provided a general understanding 

of design creativity, creativity tools and creativity evaluation methods. It could support the 

development of new creativity tools and methods as well as their evaluation. 
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Chapter 4. Combinational Creativity – The Combinator 

 

This chapter introduces combinational creativity and reviews relevant research projects in 

combinational creativity. It also, briefly, reviews other relevant studies, such as how human 

memory and the human mind work. The chapter subsequently explores a computational tool 

for assisting designers in creative idea generation. The tool is named as ‘the Combinator’, 

and is developed by the author based on an approach simulating aspects of human cognition 

in achieving combinational creativity. It can generate combinational prompts in text and 

image forms through combining unrelated ideas. Two case studies have been conducted to 

evaluate the Combinator. The studies’ results indicate that the Combinator, in its current 

formulation, have assisted the tool users involved in the case studies in improving the fluency 

of idea generation, as well as increasing the originality, usefulness, and flexibility of the ideas 

produced. The Combinator is considered to be beneficial in expanding the design space, 

increasing better idea occurrence, improving design space exploration, and enhancing the 

design success rate. 

 

Some of the work described in this chapter has been previously published as: 

Han J., Shi F., Chen L., Childs P. R. N., 2018. The Combinator - A computer-based tool for 

creative idea generation based on a simulation approach. Design Science, Cambridge 

University Press, 4, p. e11. doi: 10.1017/dsj.2018.7. Copyright © Author(s) 2018 Distributed 

as Open Access under a CC-BY 4.0 license. Reprinted by permission of Cambridge University 

Press. 

Han J., Shi F., Childs P. R. N., 2016. The Combinator: A Computer-Based Tool for Idea 

Generation. DS 84: Proceedings of the DESIGN 2016 14th International Design Conference. 

P639-p648. Copyright © Design Society 2016. Reprinted by permission of Design Society. 

 

  



67 
 

4.1. Combinational Creativity 

As illustrated in the previous chapter, Boden (2004) indicated three approaches to achieve 

creativity, which are exploratory creativity, transformational creativity, and combinational 

creativity. Exploratory creativity involves the generation of creative ideas through exploring 

structured conceptual space. ‘Structured conceptual space’ refers to ‘structured style of 

thinking’. For example, the different flavours of crisps and the different styles of coffee 

mugs. Transformational creativity includes transforming the conceptual space to produce 

creative ideas in new structures. For instance, Picasso’s masterpiece ‘the head of a woman’ 

and the origination of aromatic chemistry by transforming string molecules to ring 

molecules. Combinational creativity involves generating new ideas by exploring unfamiliar 

combinations of familiar ideas. For example, the influential chocolate bar ‘Kit-Kat’ is just a 

simple combination of chocolate and wafers; the creative toy ‘LEGO’ is a series of 

combinations of numerous different bricks. 

Combinational creativity is produced by forming associations between ideas which were 

previously unlinked or indirectly linked (Boden, 2004). The ‘ideas’ to be combined can be 

concepts, words, images, voices, as well as abstract ones such as musical styles and artistic 

genres (Ward and Kolomyts, 2010). Among the three approaches of achieving creativity 

(exploratory, transformational, and combinational), combinational creativity is the easiest 

approach for human beings, as it is a natural feature of human associative memory system 

(Boden, 2009). Yang and Zhang (2016) indicated that combining knowledge or ideas could 

be the best method of fully using nowadays abundant information to generate creativity. 

Taura et al. (2007) and Nagai et al. (2009) suggested that combining concepts or nouns can 

benefit creative idea generation at early design phases. Besides, many designers as well as 

researchers have described creativity by using the term ‘combinational creativity’. For 

instance, Steve Jobs described creativity as ‘just connecting things’, Frigotto and Riccaboni 

(2011) indicated the nature of creativity is to combine, Henriksen et al. (2014) defined 

creativity as ‘the process of making alterations to, and new combinations with, pre-existing 

ideas and artifacts, to create something new’, Childs (2018) described that creativity is the 

result of combining some essential mental capabilities resulting from long periods of work 

with a series of mini-breakthroughs. However, Ward (1994, 1995) indicated that combining 

concepts would cause considerable difficulties, and Simonton (2017) revealed that 



68 
 

combining ideas might lead to ‘combinational explosion’ consuming years to produce and 

evaluate all the possibilities.   

Conceptual combinations, which is considered as the cognitive aspect of combinational 

creativity (Han et al., 2017), involve merging previously separate concepts into units for 

presenting new thoughts and provoking new ideas (Wilkenfeld and Ward, 2001). Conceptual 

combination is a basic creative cognition which supports a range of generative outcomes 

(Ward, 2001). Wilkenfeld and Ward (2001) indicated that conceptual combinations can 

generate emergent properties which are not from either of the constituents. They also 

revealed that multiple forms of interpretations can be produced from the same 

combination. Kohn et al. (2011) pointed out that conceptual combination is beneficial for 

creative problem solving rather than divergent creativity. Mumford et al. (1997) showed 

that conceptual combinations are related to the quality and originality of creative problem 

solutions in a positive aspect. Scott et al. (2005) demonstrated two approaches of producing 

new conceptual combinations, which are the case-based approach (integration and 

elaboration of event models) and the analogical approach (feature search and mapping).  

Studies exploring combinational creativity in design have included Nagai et al. (2009) who 

suggested three methods for interpreting combinational concepts, which are property 

mapping, concept blending, and concept integration. Property-mapping includes 

transferring some features from an existing idea to another idea, which is regarded as the 

most effective method. For example, a combined concept ‘snow-chocolate’ can be 

interpreted as a ‘white-chocolate’, as ‘white’ is a feature of ‘snow’. Concept-blending 

involves blending two basic ideas at the abstract level to produce a new idea that inherits 

partial structural features from the basic ideas as well as possessing its own structural 

features. For instance, a ‘powdered chocolate’, which is a chocolate in the form of snow, 

can be derived from the ‘snow-chocolate’ idea. Concept integration includes combining two 

basic ideas through applying thematic relations. For example, according to the ‘snow-

chocolate’ concept, an ‘iced chocolate drink’ can be generated from the scene of situation 

that chocolates and snow are melted together. Chen et al. (2017) applied bisociation theory, 

which is a form of combinational creativity associating separate and often conflicting ideas 

in new ways (Koestler, 1964), to discover creative knowledge for design. 
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Although combinational creativity is the easiest type of creativity for humans, it is 

challenging for computer-based implementations. Boden (2004) indicated that 

combinational creativity requires a rich store of knowledge and the ability to form links of 

many different types. It is not difficult for computers to generate combinations or even 

novel combinations of stored ideas, but it is extremely difficult for computers to produce 

valuable or interesting combinations and to recognise the values (Boden, 2009). Comparing 

with the human brain, it is difficult for computers to achieve the cornucopia of human 

associative memory. Besides, a computer cannot naturally form links between ideas and 

evaluate them, while a human can naturally associate ideas of many different kinds during 

everyday thinking. Therefore, modelling combinational creativity on computational systems 

requires a rich knowledge database and methods of generating links comparable to a 

human.  

Recently, a number of computational design tools have employed the concept of 

‘combinational creativity’ to support designers in creative idea generation at early phases of 

design. For example, Bacciotti et al. (2016) have developed a computer application to 

combine concepts from two different dimensions for identifying scenarios of products for 

benefitting customers. The scenarios are used to provide and to provoke creative processes 

of the users. However, the application users need to confront a protracted series of 

questions and stimuli, which might place the tool in boredom. Georgiev et al. (2017) have 

indicated a computational method to create new scenes for developing new products by 

synthesizing existing scenes belonged to different contexts. However, as a text-based 

keyword approach, new scenes created might not be related to the existing scenes of the 

keywords. 

In order to simulate aspects of the human brain to produce combinational creativity, 

understanding how the human mind and human memory work are essential. The following 

two sections review the basic working principles of the human mind and memory, especially 

in terms of producing combinational ideas. In this study, human memory is considered as a 

knowledge database containing various ideas, while the human mind is regarded as an 

associative system that can form links among stored ideas. 
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4.1.1. How Human Memory Works 

Memory can be described as the ability to store, retain, and recall information (Childs, 

2018). It plays a crucial role in design, as idea generation processes often involve controlled 

retrieval of existing information from memory (Liikkanen and Perttula, 2010, Benedek et al., 

2014). Cowan (2008) and Baddeley et al. (2009) have illustrated the research history and 

progress of the memory field. The scientific study of memory could be traced back to the 

nineteenth-century. Hermann Ebbinghaus (1913), a German philosopher, was the first 

person who studied memory experimentally. Recent studies have used computer metaphor 

to describe human memory (Baddeley et al., 2009). Using a computer as an analogy, human 

memory could be regarded as involving one or more storage systems. The memory system 

requires three things: the capacity to encode, the capacity to store, and the capacity to 

retrieve. These three stages serve different functions, but they interact with each other 

while the memory system is functioning. 

The multi-store memory model proposed by Atkinson and Shiffrin (1968) comprising long-

term memory and short-term memory is often cited, and it is used to explain how human 

memory works in this study. While Nairne (1990), Cowan (2001) and other researchers have 

proposed another memory model called the unitary model. In the unitary model, short-term 

memory is functionally considered as consisting of long-term memory representations 

which are either at a heightened level of activation or in the focus of attention (Jonides et 

al., 2008).  

In the multi-store memory model, short-term memory is a system that underpins the 

capacity to retain small amounts of materials or information over periods of few seconds 

(Baddeley et al., 2009). Cowan (2008) indicated that short-term memory is also known as 

working memory, which is the place where information is manipulated and processed. 

Miller (1956) summarised the evidence that short-term memory is able to store 7±2 items, 

while Cowan (2008) considered short-term memory could only store 4 items, which is 

known as pure short-term memory. The duration of information retention in short-term 

memory is also limited, restricted between 2 and 30 seconds (Cowan, 2001). Chunking, 

which is a method used by people to ‘expand’ the storage capacity of short-term memory, is 



71 
 

a process of combining items into a single chunk depending on letter sequences and the 

rhythm of the items presented (Baddeley et al., 2009). 

Long-term memory is a system that underpins the capacity to store information over long 

periods of time, while short-term memory feeds information into and out of long-term 

memory (Baddeley et al., 2009). Squire (1992) decomposed long-term memory into implicit 

memory (nondeclarative memory) and explicit memory (declarative memory). Explicit (Non-

declarative) memory is further divided into two categories: episodic memory and semantic 

memory. Explicit memory is open to intentional retrieval based on recollecting personal 

events (episodic memory) and facts (semantic memory). Episodic memory is a system 

assumed to underpin the capacity to remember specific events, such as meeting someone 

unexpectedly on the road yesterday. Semantic memory is a system assumed to store 

accumulative knowledge of the world, such as the colour and the shape of an orange. Unlike 

declarative memory that recalls and recognises materials explicitly, implicit memory 

retrieves information from long-term memory through performance. This non-declarative 

memory allows us to remember activities like how to walk and how to ride a bike without 

consciously thinking. 

Encoding, maintenance, and retrieval are the three core processes in memory (Jonides et 

al., 2008, Baddeley et al., 2009). Encoding determines the transformation of perceptual 

representations into cognitive focus. Representations refer to bundles of features of stored 

information, while the cognitive focus or the focus of attention means a bound collection of 

information at an immediate available state for cognitive actions. Maintenance retains 

information in the focus of attention as well as protects them from being decayed and 

interfered. Retrieval brings past information back into the focus of attention. Overall, 

information from the outside world flows into short-term memory through sensory 

perceptions (such as visual and auditory) for a temporary maintenance, and then the 

information could be delivered into long-term memory through encoding for a permanent 

maintenance. The information can be passed back into short-term memory by retrieval 

while cues from the outside world or ourselves are provided. Through refreshing, which 

refers to the utilisation of attentions to reactivate items or maintain items in short-term 

memory, the key information in short-term memory can be maintained for a relatively long 
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time (Vergauwe and Cowan, 2015). An information flow diagram of the human memory 

system using this embodiment is shown in Figure 4.1. 

 

 

Figure 4.1. Information flow diagram of a human memory system model 

 

Although human memory has extensive storage capacity and duration, the performance on 

tasks involving long-term memory declines steadily through the adult years. The recall 

accessibility is considered as the main constraint for elder people. Baddeley et al. (2009) 

indicated that human memory is considerably less reliable than augmented memory. 

Augmented memory refers to non-single human mental memory, for example, books, 

Internet, and professional memory augmentation systems such as Ubiquitous Memories 

(Kawamura et al., 2007). Augmented memory is used to help people store and recollect 

memory element.    

 

4.1.2. How the Human Mind Works 

The human mind is widely considered as a product of natural selection and evolution 

(Bolhuis and Wynne, 2009). Intuition is a fundamental facet of thinking and is used to solve 

all kinds of problems (Pinker, 1999). A number of researchers, such as Pinker (1999, 2005) 

and Piccinini (2009), hold the view that the mind works like a digital computer and thinking 

is a kind of computation, which is known as the computational theory of mind or 

computationalism. In this computational system, knowledge and goals cause changes in 
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other knowledge and goals, and these changes mirror the laws of logic, statistics, and so 

forth. The computational theory of mind implies that if the previous knowledge and goals 

are true or accurate, then new ones will be accurate or true as well (Pinker, 2005). Some 

other researcher, such as Fodor (2006), considered the computational theory of mind has 

some flaws, for example, what is true last time could not be one-hundred-percent true next 

time. 

Connectionism or connectionist system, which is based upon highly interconnected 

processing units, is a widely accepted approach for explaining how the human mind works 

(Thomas and McClelland, 2008, Boden, 2004). It has been widely applied in computational 

areas, for example, Ratcliff (1990) used connectionist system for memory recognition, 

Hermansky et al. (2000) and Zhu et al. (2005) used connectionist system for speech 

recognition, Smith et al. (2013) used connectionism for interactions between language and 

vision, and Hsiao and MacDonald (2013) used connectionist system for processing Mandarin 

Chinese relative clause. Anderson and Bower (2014) indicated that the human associative 

mind is a connectionist system, with information elements associated together in the mind 

through experience. Associative memory is an attribute or a capability of the mind’s 

associative power for learning and remembering the relationships between different 

information (Anderson, 1976, Suzuki, 2005). For instance, we recall a person’s face and 

other characteristics immediately when the known person’s name is mentioned. This ability 

has guided the construction of enormous associative networks involving information and 

relationships in human long-term memory through learning and experiencing. Many cases 

of creativity depend on the mind’s associative power, especially combinational creativity 

(Boden, 2004). 

 

4.1.3. Semantic Net 

A Semantic net is an artificial associative network in a graph structure that represents 

knowledge in relation patterns of interconnected nodes and links (Sowa, 1992). It is a 

depiction of human associative memory as well as an associative model of cognition, in 

which each idea can be linked to some other relevant ideas and sometimes ‘irrelevant’ 

ideas. Combinational creativity, as defined, involves generating new ideas through 
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associating unrelated ideas. Thus, producing combinational creativity can be considered as 

forming new combinational links between unrelated or indirectly related ideas in a semantic 

net. 

Boden (2004) stated that nodes in a semantic network refer to specific ideas, and the links 

represent mental connections showing how one idea can be accessed from another. The 

links are considered as semantic relevance between ideas as well as phonetic resemblances 

and idiosyncratic associations. For example, ‘apple’ might refer to the fruit apple, ‘App’ and 

the technology firm ‘Apple’. Semantic links also represent structural matters such as class-

membership, similarity, instantiation, and part-whole relations. For instance, ‘apple’ is a 

member of the class of fruit; ‘bicycles’ are similar to motor bikes, as they are both 2-wheel 

vehicles; ‘pink lady’ is an example of apple; and ‘lens’ is a part of camera. Semantic net 

shows how different ideas are linked together in the human mind. 

According to different knowledge databases, the structure of semantic network can be 

various. A tree-structured hierarchy, as shown in Figure 4.2, is one of the earliest semantic 

structure suggested by Collins and Quillian (1969). In a tree-structured hierarchy, concepts 

are represented as nodes and linked by class-inclusion relations. In addition, some linking 

arrows are provided to show the characteristics of the concepts. A tree-structured hierarchy 

semantic network shows categories of default knowledge, but it restricts the possible 

extensions of the types of knowledge (Steyvers and Tenenbaum, 2005). Collins and Loftus 

(1975) proposed an unstructured semantic network without using any knowledge 

organisation structures, as shown in Figure 4.3. Each node in an unstructured semantic 

network represents a concept, an idea, or a word, but every two nodes are directly linked 

together in some way. This kind of extensional network has been used to predict 

performance in some memory retrieval experiments as well as to explain some interference 

phenomena (Steyvers and Tenenbaum, 2005). Small-world structure is another form of 

semantic net proposed by Steyvers and Tenenbaum (2005), as shown in Figure 4.4. In a 

small-world structure, small amounts of well-connected nodes serve as core nodes with 

neighbour nodes connecting in a short-average path length. In a small-word semantic net, 

new nodes (concepts) is connected to more specific existing nodes, and those complex 

concepts with multi-links could be distinguished from simpler ones. It could reflect some 

abstract features of semantic organisations. 
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Figure 4.2. Tree-structured hierarchy semantic network (Adapted from (Collins and Quillian, 

1969)) 

 

 

 

Figure 4.3. Unstructured semantic network (Adapted from (Collins and Loftus, 1975)) 
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Figure 4.4. Small-world semantic network (Adapted from (Steyvers and Tenenbaum, 2005)) 

 

 

4.2. Algorithms of the Combinator 

The Combinator is a computational tool developed for assisting novice designers as well as 

experienced designers in idea generation during early phases of design. Its algorithm is a 

simulation of aspects of the human brain in achieving combinational creativity. 

Comprehending how the human mind and human memory work is essential for simulating 

combinational creativity on computers. Memory is the place where structured information 

is stored, and the mind is related to how structured knowledge and new links between 

unrelated information are formed. Therefore, modelling a rich structured database and an 

idea linking system are essential for producing combinational creativity. The basic algorithm of 

the Combinator, is shown in Figure 4.5. 
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Figure 4.5. The basic algorithm of the Combinator © Ji Han 

 

The algorithm starts with trawling and retrieving relevant user-defined information from the 

Internet using web crawlers, which is similar to a human in gaining knowledge or 

information from augmented memory. The information is then stored in the core database 

and linked with a semantic network after being analysed and processed by a natural 

language processing tool. This process creates an associative knowledge network involving 

information and semantic relationships. The knowledge net is known as the Combinator 

database, which can be considered as human long-term memory. This is a process 

simulating how knowledge is processed and associated to each other in human memory by 

the human mind. When a user input, a design keyword or a desire, is delivered to the 

Combinator module, a cue is then produced to instruct the process of retrieving information 

or ideas from the Combinator database. The retrieved information or ideas are then stored 

in the Combinator module. This is similar to how information in human long-term memory is 

retrieved and transferred into short-term memory. The ideas in the Combinator, involving 

the input ideas as well as the ideas retrieved from the Combinator database, are associated 

together, thereby generating combinational ideas in text forms as well as visual forms. This 

imitates aspects of how the human mind form links between ideas to produce combinational 

ideas in human short-term memory or working memory. 
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As illustrated above, the basic algorithm of the Combinator is an imitation of aspects of the 

human mind and memory system in producing combination creative ideas. Thus, the 

characteristics of the Combinator algorithm has provided a method accommodating a 

human’s natural thinking pattern, which lead to features of simple-to-learn and easy-to-use. 

 

4.3. The Combinator 

The Combinator is a piece of software for supporting creative idea generation during early 

design phases. It is developed based on an algorithm simulating aspects of the human brain 

in achieving combinational creativity. It can combine familiar ideas together to produce new 

combinational ones. The generated ideas are not just limited to text forms but also visual 

forms. In this study, the Combinator is aimed at ideation for product design and 

development (product design). However, it is believed that the Combinator can be used in 

various fields, such as engineering, fashion, music, and art. This section illustrates the 

development stages of the Combinator, involving the methods and technologies used. This 

type of development approach can be regarded as a new method for developing design 

tools, especially idea generation tools. Two versions of the Combinator are developed, 

Combinator V1.0 and Combinator V2.0. The Combinator V1.0 is based on a design database 

involving thousands of design keywords, alternatively based on the core database only. The 

Combinator V2.0 is based on a design database including design keywords with an 

implemented semantic net. In other words, it is based on the Combinator database 

involving the core database and a semantic net. The Combinator V2.0 could produce 

outcomes by utilising semantic relations, which could perform aspects of human associative 

thinking. For instance, the Combinator could ‘think’ of ‘wheels’ while the input is ‘car’. 

 

4.3.1. The Combinator Database 

Creating a human-like structured knowledge database is the initial stage for developing the 

Combinator. However, not every piece of information is useful for product design and 

development. Thereby, it is necessary to narrow down data elements and discard irrelevant 

elements for creating a database for producing creative ideas in product design and 
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development (Childs, 2018). Manual input is a simple method to create the database, but 

this is time-consuming and capacity-limited. This study uses the advantage of natural 

language processing tools, information retrieval technologies, and existing knowledge bases 

to produce the Combinator database. 

Web crawlers, which are programmes for browsing and retrieving required resources or 

information from websites (Patil et al., 2014), are used in this study for developing a text-

based knowledge database. This technology has been used for many purposes, such as data 

mining, information searching, web monitoring, and web archiving (Olston and Najork, 

2010). Search engines, such as Google, Bing, Baidu, and Yahoo, all have such a program for 

exploring information from the internet. It has been demonstrated that web crawlers can be 

used to mine design-related information for idea generation (Wang et al., 2013).  

This study employs an open-source web crawler called ‘Scrapy’, which is licensed under the 

BSD License (Berkeley Software Distribution License). Scrapy allows users to define which 

domain or group of domains to explore, for example, what kind of data to extract and which 

data format to use. It has been used by a number of researchers to conduct studies 

involving a large amount of web data, for example, Wang and Guo (2012) used Scrapy to 

help them analysis user-behaviour characteristics on customer to customer e-commerce, 

Wloka and Winiwarter (2013) used Scrappy for contextual language learning. In this study, 

the web crawler is programmed to retrieve only main body texts describing design related 

products or ideas from a design website that covers the best in product design. 

Simultaneously with the crawling process, the crawled texts were processed by a natural 

language processing tool. The tool used in this study is called Natural Language Toolkit 

(NLTK) (Bird et al., 2009), which is a computational linguistic platform distributed under the 

open source terms of Apache License 2.0 for analysing human language data. It has been 

used for computationally oriented project and linguistically projects, for instance, Hill et al. 

(2015) employed NLTK for semantic similarity estimation, Hu et al. (2014) used NLTK for 

interactive topic modelling. In this study, requisite words are abstracted from the texts 

retrieved by the web crawler through using NLTK. Moreover, texts such as proper nouns, 

prepositions, and plurals are discarded to improve the quality of the database. The words 

are then stored into corresponding database categories in the Combinator according to 

their part-of-speech, such as nouns, adjectives, and verbs. The database created by using 
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the web crawler and NLTK is known as ‘the core database’ of the Combinator, as shown in 

Figure 4.5. As illustrated above, the Combinator V1.0 only uses the core database for 

producing creative combinational ideas.  

In order to construct a human-like associative knowledge database, the core database 

needs to be linked with a semantic net. ConceptNet is used in this project serving as the 

semantic net for providing extra associated ideas (words) as well as relations between ideas. 

ConceptNet is a knowledge base that provides a large semantic net representing general 

human knowledge and the commonsense relationships between them (Liu and Singh, 2004, 

Speer and Havasi, 2012). The knowledge involved in ConceptNet is mined from crowd-

sourced resources (such as, Wikipedia, Wiktionary, and Open Mind Common Sense), expert-

created resources (for example, WordNet (Fellbaum, 1998) and JMdict (Breen, 2004)), and 

others (for instance, DBPedia (Lehmann et al., 2015)). In addition, ConceptNet allows users 

to add data and even to create customised versions.  

The information elements in the core database are unrelated and unorganised, for instance, 

eight individual elements from the core database are shown in Figure 4.6. However, after 

connected with the ConceptNet, the core knowledge elements are connected to each other 

as well as linked with extra associated information that is correlated but not included in the 

core database. This associated network forms the Combinator database. For instance, the 

eight core ideas are linked with each other as well as associated with correlated ideas such 

as, ‘Sleep’, ‘Relax’ and ‘Armchair’. The ideas are connected to each other via common-sense 

relationships involved in the ConceptNet, such as ‘Part of’, ‘Is A’ and ‘Used for’, as shown in 

Figure 4.7. The associative network example shown in Figure 4.7 is an epitome of the 

Combinator database. It is a demonstration of how information or ideas are structured in 

the Combinator database. Besides, the Combinator V2.0 has employed the Combinator 

database rather than the core database only.  
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Figure 4.6. Information elements in the core database 

 

 

Figure 4.7. Information elements in the Combinator database 

 

4.3.2. The Combinator Module 

As shown in Figure 4.5, the Combinator module provides an imitation of aspects of the 

human mind in achieving combinational creativity in human short-term memory. It retrieves 

information from the database and combines it with the user input to produce 

combinational ideas. The user input can be a desire or a design keyword, and the output 

idea is a compound phrase along with a correlated combinational image. In the Combinator 

V2.0, the Combinator module can deliver a cue, provided by the user input, to retrieve an 

idea that is associated with the input from the Combinator database to replace the input for 

the idea combination. For instance, if the user input is ‘chair’, the Combinator module will 
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retrieve an associated idea, such as ‘sofa’ or ‘wood’. Then the module will combine it with 

another core idea retrieved from the core database crawled from the Internet. This 

replicates the human mind’s associative power that people often think of other ideas 

associated with the one in short-term memory. For instance, when someone comes up with 

‘car’, he or she might also think of ‘window’, ‘seat’, ‘park lot’, and so on. 

The Combinator module can generate noun-noun combinational phrases, as well as 

adjective-noun compound phrases and verb-adjective-noun combinational phrases. The use 

of language or words as stimuli to increase creativity has been previously explored, for 

example the study conducted by Chiu and Shu (2012). However, generating combinational 

ideas only in text-forms might have limitations, as sometimes it is difficult for users to 

capture the combinational meaning of a compound phrase. This is possibly caused by the 

limitation of the users’ vocabulary as well as lacking corresponding images in the users’ 

long-term memory. Thereby, combinational images could provide an opportunity to 

improve the understanding and interpretation of compound phrases produced, as the 

human brain are mainly triggered by visual inputs (Luis-Ferreira and Jardim-Goncalves, 

2013). Ward and Kolomyts (2010) indicated that superimposed and merged images, which 

are regarded as combinational images in this study, can lead to more creative outcomes. 

Moreover, combined images have been identified as effective stimuli for creativity. 

Images need to be gathered from a source such as the Internet or an image database for 

producing combinational ideas in image-forms. The open-source crawler, Scrapy, could 

retrieve images according to the existing text-based database to create an image database. 

However, this process can take weeks or even months, as an image database is usually 

enormous. Therefore, the authors have developed a live feed image crawler to be more 

time-efficient. The live feed image crawler, which is integrated into the Combinator module, 

can retrieve corresponding images in real-time from the Internet according to the generated 

text-based combinational ideas. 

The Combinator produces image-based combinational ideas with the assistance of a vision 

algorithm library ‘OpenCV’. The Combinator provides two main methods for image 

combination: direct combine and blending. In direct combine, images are cropped first and 

then merged next to one another. In blending, images become transparent first and then 

superimposed on one another. For example, Figure 4.8 shows the original images of an ice 
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cream scoop and a shell, and their direct combinational image as well as the blending 

combinational images. Ideas can be derived from the combinational images, such as an ice 

cream scoop based on a nautilus shell for serving (Millar et al., 2010). The Combinator uses 

alternative image combination methods to avoid the Einstellung effect which might block 

the mind sticking to just one type of image-based combinational idea. 

 

Figure 4.8. An example of image combinations 

 

Ward and Kolomyts (2010) stated that mentally combined visual-based ideas are essential 

for developing inventions and exploring discoveries. Therefore, the combinational ideas 

produced by the Combinator, especially image-based ones, are potentially beneficial for 

designers in idea generation. The Combinator users can be further stimulated by the 

combinational ideas produced, and thereby producing or deriving more ideas. 

 

4.3.3. Examples of Using the Combinator 

The Combinator software, in the formulation described here, provides a simply designed 

user interface. The user interface of the Combinator V1.0 is shown in Figure 4.9, while the 

user interface of the Combinator V2.0 is shown in Figure 4.10. In both versions of the 

Combinator, there is an input box at the top that allows users to input their design keyword 

or desire. The Combinator V1.0 and V2.0 provide two option menus, one for choosing the 

number and the part of speech of words used for combination, and another for selecting an 
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image combination method. The ‘Select what to combine with’ option menu is used for 

defining the combination output type, for example, to combine the input with ‘one noun’, 

‘two nouns’, or ‘verb + adjective + noun’. Also, users can select the output combinational 

image style, ‘Direct Combine’, ‘Blending’, and ‘Random’ (Randomly select a method), via the 

image combination method menu. 

The Combinator V2.0 provides an extra option menu for selecting a semantic relation, as 

shown in Figure 4.10. The semantic relation option menu can be switched on or off by the 

switch button next to it, which allows users to choose a relationship from over twenty types, 

for instance, ‘Related To’, ‘Is A’, ‘Part Of’, ‘Member Of’, ‘Has a’, ‘Used For’, ‘Capable Of’, ‘At 

Location’, ‘Causes’, and ‘Synonym’. Thereby, the Combinator V2.0 can retrieve ideas 

associated with the input keyword via selected semantic relationships. However, the 

retrieved words or ideas might not belong to the same part of speech category as the input 

word. There is also a ‘Random’ option which can choose a relationship randomly from the 

list. 

Three function buttons, ‘Generate’, ‘Show Image/Change Direction’, and ‘Play’, are located 

at the bottom of the interface of both versions of the Combinator. Text-based 

combinational ideas are produced after clicking the ‘Generate’ button. For example, 

combinational ideas ‘Kettle Cup’ and ‘Origami Handbag’ are generated according to the 

input ‘Kettle’ and ‘Handbag’, respectively, as shown in Figure 4.9 (the Combinator V1.0) and 

Figure 4.10 (the Combinator V2.0). Please note that the semantic relation function is 

switched off in the Combinator V2.0, as shown in Figure 4.10. Correlated image-based 

combinational ideas are generated while the ‘Show Image/Change Direction’ button is 

clicked. For instance, combinational images of ‘Kettle Cup’ and ‘Origami Handbag’ are 

generated respectively by the Combinator V1.0 and V2.0, as shown in Figure 4.9 and Figure 

4.10. The combinational images produced can be saved on the user’s computer. By clicking 

the ‘Show Image/Change Direction’ button again, the image combination method or 

direction is changed to gain more inspirations, for example, blending can transform into 

direct combine, and left and right merging direct combine can change into up and down 

merging. The ‘Play’ button yields a slideshow of combinational ideas, including both image-

based and text-based ideas, correlated with the input keyword. New information is 

retrieved from the database for producing a series of new combinational ideas according to 
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the input. This can help users enhance divergent thinking as well as avoid design and 

cognitive fixation.  

As shown in Figure 4.10, a handbag idea, an origami handbag, has been prompted by the 

Combinator. Various ideas can be interpreted or derived from the generated compound 

phrase and the combinational image, for example, a handbag that can be folded similar to 

origami (Kawamoto, 2013). As a result, it is expected that numerous ideas related with a 

handbag can be generated by using the Combinator. 

 

 

Figure 4.9. User interface of the Combinator V1.0 
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In the current versions of the Combinator, the combinational ideas are produced in a 

random manner to provoke the users’ creative minds. In other words, ideas are randomly 

selected from the database to be combined with the input to produce the combinational 

creative idea. Carruthers (2011) identified that randomness is a vital element of creativity. In 

addition, Howard et al. (2011) indicated that random stimuli are beneficial for creative idea 

generation. 

Another example of generating ideas about a ‘violin’ by using the Combinator V2.0 is shown 

in Figure 4.11, while the semantic relation option is switched on and ‘Has A’ relation is 

 

 

Figure 4.10. User interface of the Combinator V2.0 
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selected. The Combinator has retrieved a semantically related idea ‘String’, as ‘Violin’ has 

‘String’. This is similar to the human brain while a person has ‘Violin’ in short-term memory, 

he or she might think of ‘String’. According to the generated outcome ‘Spider-Silk String’, 

ideas, such as a violin made using spider silk for string or for influencing the properties of 

the construction, can be produced or implied (Alesandrini, 2016), as shown in Figure 4.12. 

The simple examples demonstrated in this section have shown how the Combinator works 

and indicated its capability of assisting users in generating creative ideas. The examples 

have also demonstrated the improvements of the Combinator from version 1.0 to version 

2.0. 

 

 

Figure 4.11. An example of using the Combinator V2.0 while the semantic relation is switched on 
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Figure 4.12. The Spider Silk Violin designed by Alesandrini (2016) 

  

4.3.4. Target Users of the Combinator 

The Combinator is developed with the aim of designers in generating creative design ideas 

during early stages of design, while a high degree of design specification has been reached. 

Nevertheless, the tool could also support idea generation at very early design phases while 

design objectives have not been set, as it can produce a variety of random ideas for 

provoking users’ creativity. Thereby, the tool could also be used to provide stimuli or 

inspirations for supporting designers in creative ideation at design contests. The tool is 

expected to be useful for young and novice designers, as the tool can deliver new ideas or 

inspirations which novice designers are lack of. It could also benefit experienced designers 

by providing unfamiliar ideas as well as cues to recollect ideas. As a tool provoking users’ 

creative mind, the tool has a good aptitude in solving design problems and producing 

creative design ideas. 

At the moment, the Combinator, in its current formula, is used to demonstrate its 

performance of supporting designers, especially novice designers, in producing creative 

ideas in an academic or teaching context. However, the Combinator is a flexible tool that 

could be adjusted to support different purposes by using different databases. For example, 

a large design firm could employ its own database for producing ‘tailored’ creative 

combinational ideas which are composed of its own products and techniques. 
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4.4. Case Studies and Evaluations 

The Combinator is developed based on reviewing related studies as well as computational 

techniques. In order to evaluate the usefulness and effectiveness of the Combinator as well 

as the creativity level of the ideas produced by using the tool, we have conducted two case 

studies for evaluating the Combinator V1.0 and V2.0, respectively. As illustrated in Chapter 

2, the case studies are conducted in a manner of mixed research methods. Qualitative data 

has been collected through direct observations (not applied in the first case study) and 

interviews, while quantitative data has been collected through a metric-based creativity 

evaluation method with additional statistical analysis. This mixed methods could help to 

understand how the Combinator supports the users and generalise the research outcomes 

to a larger population. However, participant biases, such as demand characteristics (Orne, 

1962, Nichols and Maner, 2008), often occurs in case studies. In order to avoid this issue, 

the participants involved are not informed with fore-knowledge of the research aims before 

and after conducting the case studies. In addition, Google Image is introduced in the second 

case study as an ideation support tool to confound the participants’ perceptions of the 

research aims.  

The case studies are controlled experiments involving individual designers tackling novel 

design challenges. Case study 1 compares participants generating ideas by using the 

Combinator V1.0 with participants not using any tools. Case study 2 compares participants 

producing ideas by using the Combinator V2.0 with participants not using any tools, as well 

as participants using Google Image, as both the Combinator and Google Image provide 

images. 

As illustrated in Chapter 3, evaluation of idea generation methods or tools can be classified 

into process-based and outcome-based approaches (Shah et al., 2003). Process-based 

evaluations are not geared to analyse outcomes, but are rather used to analyse how and 

why an ideation method produces the outcome. Outcome-based evaluations are focused on 

analysing outcomes, which indicate the characteristics of an idea generation method. In 

order to understand the Combinator in both output and process aspects, outcome-based 

evaluation approach is used to measure the Combinator V1.0, while both outcome-based 

and process-based evaluation approaches are used to evaluate the Combinator V2.0. 
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An outcome-based approach is the most common method for evaluation, for instance, the 

study conducted by Istre et al. (2013). Shah et al. (2003) indicated that the outcome 

approach is easier than the process approach, especially for engineers, as there are fewer 

difficulties for experts to evaluate a set of ideas in their domains for a given problem. 

Psychometric measurements are used extensively as outcome-based evaluation approaches 

for evaluating creativity for decades. A good measurement of the outcomes can objectively 

reflect the usefulness and the effectiveness of an idea generation method, as specific 

metrics are used to correlate the creativity of ideas with the performance of the idea 

generation method. 

As illustrated in Chapter 3, several sets of psychometrics were proposed for evaluating the 

creativity level of outcomes generated by an ideation method. For instance, Dean et al. 

(2006) used novelty, workability, relevance, and thoroughness for evaluating creativity; 

Plucker and Makel (2010) applied fluency, flexibility, originality, and elaboration of ideas to 

measure creativity; Diedrich et al. (2015) used novelty and usefulness for creativity 

measurement. In addition, Chulvi et al. (2012) applied novelty and utility for assessing 

creativity by using a questionnaire based on the CPSS (O'Quin and Besemer, 1989).  

Shah et al. (2003) proposed to use quantity, quality, novelty, and variety for evaluating 

creativity. As illustrated in the review chapter, in this method, quantity is the total number 

of ideas produced, which is also known as ideation fluency. It is commonly considered that 

the more ideas generated, the higher chance of better ideas occurring. Quality, which is 

commonly described by usefulness or utility (Kudrowitz and Wallace, 2013), is the feasibility 

of an idea and how close the idea comes to meet the design specifications. Ideas with better 

qualities generally have higher design success rates. Novelty, also known as originality, is the 

unexpectedness or unusualness of an idea comparing with the others. A novel idea is usually 

the result of expanding the design space. Variety or flexibility reflects the exploration of the 

solution space during an ideation process. Coming up with similar ideas indicates low idea 

variety, which shows a limited exploration of the design space or solution space. This 

approach is focused on measuring the creativity of solving design problems and the 

effectiveness of an idea generation method, while other approaches, such as the ones 

proposed by Chulvi et al. (2012) and Sarkar and Chakrabarti (2011), are focused more on 
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measuring the creativity of products or outcomes. Thus, Shah et al.’s (2003) psychometric 

evaluation method is chosen in this study to evaluate the Combinator V1.0 and V2.0. 

Compared with outcome-based approaches, process-based approaches are time-consuming 

and difficult, as it is difficult to observe the occurrence of creative cognitive processes of 

designers producing ideas. In addition, there are no generally agreed protocol studies that 

can be used to collect data for idea generation process evaluation (Shah et al., 2003). Simple 

cognitive models exist, such as the Geneplore Model by Finke et al. (1996) and the Roadmap 

Theory by Smith (1995), which could be used for analysing data in simple tasks. However, 

these models could not be used in ‘complex’ problems, such as challenges involving 

engineering knowledge.  

However, a process-based evaluation can demonstrate how an outcome is achieved, for 

instance, the study conducted by Fiedler et al. (2015). Therefore, process-based evaluation 

is used additionally in case study 2 to measure the Combinator V2.0. Observation is used as 

a process-based evaluation method in case study 2 for assisting the comprehension of the 

actual uses of a new technology and detecting potential problems (Yin, 2013). Video 

recording and screen recording are employed in case study 2 to assist the observation. To 

some extent, the observation results could demonstrate how and why designers produce 

ideas through using the Combinator. 

 

 

4.4.1. Case Study 1 – Evaluation of the Combinator V1.0 

In order to evaluate the usefulness and effectiveness of the Combinator V1.0, we performed 

a controlled experiment of individual designers tackling a design challenge. The controlled 

experiment, which is known as case study 1, compared the Combinator V1.0 to having 

participants generate ideas without using the tool. Only outcome-based evaluation 

approach is applied in case study 1. 
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4.4.1.1. Evaluation of the Combinator V1.0 

The design challenge was to design a new milk bottle for supermarkets to increase the sale. 

Ten participants, who have similar engineering backgrounds, conducted the case study 

voluntarily. The participants were all familiar with the design product ‘milk bottles’. The 

participants were first year and second year PhD students. They were considered as novice 

designers, as none of them have sufficient experience in either engineering design or 

industrial design. All the participants were highly interested and intrinsically motivated to 

participate this idea generation case study. The participants were divided into two groups (A 

and B) with five people in each group, and both groups were familiar with the design topic. 

The controlled experiment is aimed to identify the usefulness and effectiveness of the 

Combinator V1.0 through comparing participants generating ideas with using the tool and 

without using any tools. Group A participants generated ideas based on their intuition and 

experience, while participants in Group B came up with ideas by using the Combinator. 

Participants in both groups were given the same amount of time to generate as many ideas 

as they can respectively. The generated ideas from each group were collected and mixed 

together before the evaluation to reduce bias. Two experts with similar backgrounds 

evaluated the ideas respectively under the same guidance with an agreement of scoring 10 

for excellent, 8 for good, 5 for fair, 3 for poor, and 1 for bad, in order to increase evaluation 

reliability. 

According to Shah et al. (2003), the four metrics of Group A and Group B were calculated 

respectively as follows. Quantity was measured through counting the total number of ideas 

generated by each group. Novelty was calculated for each idea through scoring 1 to 10 from 

least novelty to most novelty, while considering attributes such as shape, function, and 

material, comparing with the existing products in the market. Quality was assessed for each 

idea via scoring 1 to 10 from worst quality to best quality considering the idea’s feasibility 

and to what extent it meets the design specifications. Average scores of novelty and quality 

of the ideas generated by each group were then calculated for comparison. It is more 

objective to compare the average scores rather than the total novelty and quality scores of 

Group A and Group B, due to the different quantity of ideas generated. The Variety rating 

was applied to an entire group of ideas. The ideas produced by a group were classified into 

categories based on the different design thinking principles considered in generating the 
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ideas, for instance, considering shapes of the product, thinking about user experience, 

focusing on storage problems, considering useful extra functions, concentrating on recycle 

problems, thinking about specific utilisations, and considering different target customers. 

The variety score was measured through counting the number of idea categories classified 

according to the different design thinking principles. 

 

4.4.1.2. Results of Evaluation 

The evaluation results of the metrics of Group A and Group B are presented in Table 4.1. As 

shown, Group B produced 45 ideas by using the Combinator, which is 16 ideas higher than 

the 29 ideas produced by Group A without using the tool. In terms of novelty, the average 

score of each idea generated by participants from Group A is 5.7, while the average score of 

each idea generated by participants from Group B is 6.6. By using the Combinator, the 

average quality score of ideas from Group B is 7.3 which is 1.4 higher than that of the ideas 

from Group A. Group B demonstrated 10 design thinking varieties, but Group A only showed 

8 design thinking varieties. Among the ideas produced by participants from Group A, most 

of the ideas were focused on the shape or exterior of the milk bottle. However, only several 

ideas produced by participants from Group B were focused on this aspect. 

The Standard deviations of novelty and quality scores are calculated to quantify the 

dispersion of the data values. As shown in Table 4.1, all the standard deviation values are 

around 1, which shows that the data values are all close to the mean of the data sets 

respectively. This indicates that the data are consistent and stable. 

Cohen’s d (effect sizes) are calculated to measure the standardised differences between the 

means of novelty scores and variety scores to support data analysis. As shown in Table 4.2, 

comparing Group A and Group B, there are large differences between the mean scores of 

novelty and quality, respectively. This has indicated that the improvement of idea novelty 

and quality are ‘large’ through using the Combinator V1.0.  
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Table 4.1. Evaluation result of Group A and Group B 

Metrics\Groups 
Group A - Without Using 

the Combinator 

Group B - Using the 

Combinator 

Quantity 29 45 

Novelty - Average  (Standard Deviation) 5.7 (1.04) 6.6 (1.02) 

Quality - Average  (Standard Deviation) 5.9 (1.65) 7.3 (1.02) 

Variety 8 10 

 

Table 4.2. Cohen’s d (effect sizes) of novelty and quality between Group A and Group B 

(Small : d=.20; Medium : d=.50; Large : d=.80) 

Metrics\Groups Group A and Group B 

Novelty  d = .87 (Large) 

Quality d = 1.02 (Large) 

 

Interviews were conducted with the participants from Group B to investigate their 

experience and opinions of using the Combinator V1.0. All the five users provided very 

positive feedbacks considering the Combinator as a very useful tool, and indicated that the 

Combinator had provided many useful combinational ideas effectively when they were 

generating new designs. The users also pointed out that the Combinator have enhanced 

their creative thinking during the ideation process. However, some users considered that 

some irrelevant combinational ideas produced by the Combinator had interrupted their 

thinking. Through the interviews and results, it seems the effect of using the Combinator 

varies from person to person. This could be caused by the different interpretation skills and 

comprehension of the combinational ideas produced. 

 

4.4.1.3. Discussion 

Two examples of ideas generated by using the Combinator, as shown in Figure 4.13, are 

illustrated briefly as follows before analysing the evaluation result. As shown in Figure 

4.13(a), a combinational idea of milk bottle is named as ‘LEGO milk bottle’. This design 

allows milk bottles to be connected to one another similar to how LEGO bricks do, which is 
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able to save storage space. The originator of this idea noted that the LEGO milk bottle idea 

was inspired from the combinational idea of ‘milk bottle - LEGO brick’ produced by the 

Combinator. The ‘hanging milk bottle’, as shown in Figure 4.13(b), was generated based on 

the combinational output ‘milk bottle - clothes hanger’. The hanging design allows the milk 

bottle to be hanged on the edge of a table or a cupboard. This enables customers to place 

their milk bottles easier when they have a messy desk or cupboard. The examples suggested 

that the Combinator could help novice designers come up with creative ideas that are both 

novel and useful. 

  

(a). LEGO milk bottle (b). Hanging milk bottle 

Figure 4.13. Examples of ideas generated by using the Combinator 

 

Table 4.1 shows the evaluation results of Group A and Group B. The five novice designers 

from Group A produced ideas based on their intuition and experience, while the other five 

novice designers from Group B produced ideas by using the Combinator V1.0. From the 

figures illustrated in Table 4.1, comparing participants using the Combinator and 

participants without using the tool, it is shown that the Combinator V1.0 has increased idea 

quantity, novelty, quality and variety, concerning the conducted case study 1. Moreover, the 

effect sizes presented in Table 4.2 have shown that there are large improvements in idea 

novelty and quality by using the Combinator V1.0, for the groups concerned. 

 

4.4.1.4. Summary 

Comparing with the ideas produced by the participants using intuition and experience, the 

ideas generated by the participants using the Combinator V1.0 are better in quantity, 
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novelty, quality, and variety. Alternatively, ideation fluency and flexibility as well as idea 

originality and usefulness are improved by using the Combinator V1.0, for the case study 

conducted. Thereby, the Combinator V1.0 is considered to be beneficial for increasing 

better ideas occurrence, expanding design space, improving design success rate, and 

enhancing design space exploration, albeit based on a limited data sample. The 

improvement of the metrics also reflects a high effectiveness of using the Combinator V1.0 

for solving the design challenge. In summary, case study 1 suggests that the Combinator 

V1.0 could help designers produce creative ideas, and improve the quantity, novelty, 

quality, and variety attributes of the ideas, concerning the participants involved. 

 

4.4.2. Case Study 2 – Evaluation of the Combinator V2.0 

To assess the usefulness and effectiveness of the Combinator V2.0 as well as the creativity 

level of the ideas produced by using the tool, another case study was conducted, known as 

case study 2. Case study 2 contains a controlled experiment involving individual designers 

tackling a novel design challenge. The case study compares participants generating ideas by 

using the Combinator V2.0 with participants not using any tools. It also compares 

participants producing ideas by using the Combinator V2.0 and participants using Google 

Image, as both tools provide images. Both outcome-based and process-based evaluation 

approach are used in case study 2 for evaluating the tool.  

 

4.4.2.1. Design Challenge and Participants 

A practical design challenge was introduced to evaluate the Combinator V2.0. Waste 

separation for recycling at homes and offices is necessary. Two or more dustbins are often 

used to achieve the goal, but this is often space consuming and messy. The design challenge 

was to design a new solution that can efficiently use space as well as provide waste disposal 

and recycling attributes. Customer needs, such as waste separation, space saving, ease of 

use, no unpleasant odours, and stylish appearance, were provided, which were considered 

as design specifications in this design challenge. 
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Thirty-six individuals, who were familiar with ‘dustbins’, participated in this case study and 

the following interview. The participants were highly interested and intrinsically motivated 

to participate in this idea generation case study voluntarily. They had signed up with 

standard case-study protocols concerning use of data and giving permission for the use of 

HD video recording. They were also rewarded with two pieces of high-quality stationery 

after completing the challenge and the interview. The basic information of the participants 

is shown in Table 4.3. Six of the participants are regarded as experienced designers for 

having over three years of design experience. The other thirty participants are considered as 

novice designers, as none of them has sufficient experience in either engineering design or 

industrial design. Twelve of the participants conducted the study by using the Combinator, 

another twelve participants were not using any tools, and the remaining twelve used Google 

Image. The participants were regarded as the Combinator participants, the non-tool 

participants, and the Google Image participants, respectively. In order to have a fair 

competition, the division of participants was based on the participants’ experience and 

background, and thereby constituted three categories possessing similar capabilities. 

 

Table 4.3. Basic participant information 

 

4.4.2.2. Evaluation of the Combinator V2.0 

The thirty-six participants conducted the design challenge separately, in a quiet room 

without any interruptions as a person’s performance may be influenced by the action and 

ideas of others while producing ideas in groups (Perttula and Sipilä, 2007). Each of the 

participants was provided with A3 paper and a pen for sketching and writing ideas. An HD 

camera was installed to record their idea generation process. The participants were given 

 
Gender Age Background 

Professional 

Design 

Experience 

Male Female 18-25 26-30 31-35 Design Engineering Design+Eng Science Others ≥ 3 Years 

The Combinator 

Participants 
10 2 2 8 2 1 6 2 2 1 2 

The Non-tool 

Participants 
8 4 3 8 1 0 7 2 2 1 2 

The Google Image 

Participants 
9 3 3 8 1 2 6 2 0 2 2 

Total 27 9 8 24 4 3 19 6 4 4 6 
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the same amount of time to produce as many ideas as possible. The Combinator 

participants generated ideas through using the Combinator and were trained to use the tool 

before starting the challenge. The non-tool participants came up with ideas based on their 

intuition and experience, while the Google Image participants produced ideas by using 

Google Image. During the task, all the participants were observed by a recorder and 

recorded with high-definition cameras. The observations were conducted silently in order to 

minimise the impacts on the participants. Interviews were conducted after each participant 

had accomplished the design challenge. The generated ideas from each participant were 

collected and mixed together before the evaluation in order to eliminate bias. 

Sarkar and Chakrabarti (2011) stated that identifying creativity of a product is challenging, 

as one cannot be knowledgeable enough about all products. Experienced designers are 

often used to evaluate creativity of ideas, concepts, products and solutions in design 

companies. It was also pointed out that the experienced designers who are selected to 

judge creativity should from similar domains. Therefore, two experienced design engineers 

having over three years’ experience in design engineering were selected to assess the ideas 

respectively. The ideas were evaluated under the same guidance and the same agreement 

of scoring 8 to 10 for excellent, 5 to 8 for good, 3 to 5 for fair, 1 to 3 for poor. The final 

scores are the means of the scores graded by the two raters. 

The four metrics, quantity, novelty, quality, and variety, were measured according to Shah 

et al. (2003), but slightly different from case study 1. In this case study, quantity was 

measured by counting the total number of ideas generated by an individual. Variety was 

applied to the entire group of ideas produced by an individual, which was measured by 

counting the total number of idea categories. The ideas generated were grouped based on 

the different physical principles used to meet the requirement of waste separation, which 

made the ideas very different from one another. For instance, using a chest of drawers to 

store waste and using barrels to store waste for waste separation were grouped into two 

idea categories, and thereby representing two idea varieties. 

Novelty of an idea was assessed by scoring each key function 1 to 10 from 'poor' novelty to 

'excellent' novelty comparing with the existing conventional dustbins on the market. An 

image including a collection of these conventional bins for waste separation was provided to 

assist comparison. The image involves a swing bin for general waste, a caddy bin for food 
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waste, and two rectangular recycle bin for paper, plastic, and glass. These bins are 

commonly used in people's daily lives, and were considered as not novel in this study. 

Waste separation and space saving were considered as the two key functions of a new 

dustbin idea. These 2 functions were applied with the same weight of 0.5 (total weight 1), as 

they are equally significant to a new dustbin design. The coefficients of the weights of 

novelty were decided through consulting a professional design expert who has over 10 

years’ practical experience in consumer product design. A higher novelty score would be 

given to an idea’s ‘waste separation’ or ‘space saving’ function, if the function was more 

unusual or unexpected in comparison with non-novel ideas. In other words, ideas with 

higher novelty scores have less overlapping elements with non-novel ideas. The overall 

novelty score of each idea was calculated by using Equation 3.1 (adapted from Shah et al. 

(2003)). M1 is the overall novelty score for an idea with n functions. In Equation 3.1, fi is the 

weight assigned to function i, while Si is the score of function i. The novelty score of an 

individual participant was the mean novelty score of all the ideas generated. 

𝑀1 = ∑ 𝑓𝑖𝑆𝑖

𝑛

𝑖=1

               (3.1) 

Quality of an idea was evaluated by scoring each key attribute 1 to 10 from ‘poor’ quality to 

‘excellent’ quality considering the idea’s feasibility and to what extent each attribute meets 

the design specifications. A total weight of 1 was assigned to 6 key attributes according to 

their importance to the idea as follows, feasibility (0.25), waste separation (0.25), save 

space (0.25), easy to use (0.1), no odours (0.1), and stylish appearance (0.05). The 

coefficients of the weights of quality were decided through consulting the professional 

design expert considering that feasibility, waste separation, and save space were more 

important than the other design specifications for an initial idea. A higher quality score 

would be given to an idea, if the idea’s attributes could meet the design specifications in 

better degrees respectively. In other words, an idea with a higher quality score has higher 

feasibility and usability. The overall quality of each idea was computed with Equation 3.2 

which was adapted from Shah et al. (2003). M2 is the overall quality score of an idea 

including m attributes. Sj is the score of attribute j, while weights fj were assigned to each 

key attribute. The quality score of an individual participant was the mean quality score of all 

ideas produced. 
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𝑀2 = ∑ 𝑓𝑗𝑆𝑗

𝑚

𝑗=1

               (3.2) 

The individual level mean scores of quantity, novelty, quality, and variety of each participant 

categories were calculated respectively for comparison. It is more effective to compare the 

scores at the individual level than the totals scores of a category, due to the different 

amount of ideas produced by each participant. 

However, in this evaluation, new functions or attributes other than the ones stated for 

evaluation, which might benefit the product, were not considered. This is due to only key 

attributes or functions are used for evaluation in Shah et al.’s (2003) creativity evaluation 

method. Additionally, at initial phases of design, it is significant to measure whether a 

product’s key attributes can meet the design requirements.  

In this study, subjectivity and potential biases might originate during the evaluation 

conducted by the evaluators. This is due to issues such as subjective judgements caused by 

different understanding and perception of the attributes, inconsistent evaluation standards 

caused by insufficient time as well as inconsecutive evaluation processes, and 

misunderstanding of ideas caused by vague idea demonstrations and descriptions. 

Therefore, two experts were introduced to evaluate the Combinator V2.0 for minimising 

evaluation biases and increasing data reliability.     

 

4.4.2.3. Results of Evaluation – Kappa Test 

A Kappa test was conducted to measure the inter-rater agreements between the two raters 

involved in case study 2. The test result showed that the kappa coefficients of quantity, 

novelty, quality, and variety were 1, 0.57, 0.72, and 1, respectively. It indicated that the two 

raters had an almost perfect agreement on quantity and variety, a substantial agreement on 

quality, and a moderate agreement on novelty. This indicated that it is valid and significant 

to use the means of the scores graded by the two raters as the final scores. 
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4.4.2.4. Results of Evaluation – Statistical Analysis 

Based on the psychometric evaluation method and the equations illustrated above, the 

mean scores of quantity, quality, and novelty at the individual level of each category were 

calculated and presented in Figure 4.14. The Combinator participants generated 4.42 ideas 

at the individual level, while the non-tool participants generated 2.17 ideas and the Google 

Image participants produced 1.75 ideas at the individual level. The mean novelty score of 

the Combinator participants was 6.78 which is 0.43 and 0.82 higher than that of the non-

tool participants (6.35) and the Google Image participants (5.96) at the individual level, 

respectively. The non-tool participants and the Google Image participants achieved 5.87 and 

5.83 respectively on quality at the individual level, while the Combinator participants scored 

a 6.67. 3.42 idea categories were demonstrated at the individual level among the 

Combinator participants, whilst 1.67 varieties were shown by the non-tool participants and 

1.50 varieties were presented by the Google Image participants at the individual level. 

 

 

Figure 4.14. Psychometric evaluation results 

 

Standard deviation was introduced to quantify the dispersion of the data values. The 

standard deviation of the number of ideas (quantity) generated by each participant from the 

Combinator participants was 1.97, while the standard deviations of the non-tool 
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participants and the Google Image participants were 1.34 and 0.97, respectively. The 

standard deviation of novelty scores and quality scores at the individual level of the 

Combinator participants, the non-tool participants, and the Google Image participants were 

0.74, 0.71, 0.96, and 0.52, 0.92, 0.76, respectively. The individual level variety scores of the 

Combinator participants, the non-tool participants, and the Google Image participants were 

1.38, 0.67, and 0.98. 

Although the means are different, this might occur by chance. Therefore, statistical analysis 

is required to determine whether there are statistically significant differences between the 

means. The statistical analysis is conducted by using SPSS and the significance levels of the 

statistical tests are set as 5% (α=0.05) as a convention. A Shapiro-Wilk test is conducted to 

analyse whether the data of each metric of the three participant groups are normally 

distributed. In the test result, if a p-value is greater than 0.05, it indicates that the 

corresponding data obey normal distribution. As shown in Table 4.4, the Shapiro-Wilk test 

result shows that all the data of the Combinator participants are normally distributed, while 

only the novelty and quality values of the non-tool participants and the Google Image 

participants are normally distributed, respectively. 

 

Table 4.4. Shapiro-Wilk test result of data normal distribution 

Metrics 
The Combinator 

Participants 

The Non-tool 

Participants 

The Google Image 

Participants 

Quantity p=.948 p=.028 p=.005 

Novelty p=.054 P=.362 p=.466 

Quality p=.506 p=.860 p=.711 

Variety p=.100 p=.002 p=.002 

 

An independent sample T-test is conducted to determine whether there are significant 

differences between the means of novelty and quality, which requires the assumption of 

normal distributions. During the T-test, a Levene’s test is conducted to assess homogeneity 

of variances for selecting the proper p-values produced by SPSS. In the test result, if a p-

value is less than or equal to 0.05, then there is a significant difference between the means 

of two conditions. The results of the T-test are shown in Table 4.5. Comparing the 
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Combinator participants with the non-tool participants, the p-value of the mean quality 

value is less than 0.05, while the p-value of the mean novelty score is 0.162 which is greater 

than 0.05. Therefore, there is a significant difference between the mean quality scores and 

an insignificant difference between the means of the novelty scores. With regard to the 

Combinator participants and the Google Image participants, the p-values of the two metrics 

are all less than 0.05. This determines that there are significant differences between the 

means of novelty and quality, respectively. 

 

Table 4.5. Independent sample T-test result of ‘Novelty’ and ‘Quality’ 

Metrics 
The Combinator Participants and the 

Non-tool Participants 

The Combinator Participants and the 

Google Image Participants 

Novelty t=1.446, p=.162 t=2.336, p=.029 

Quality t=2.606, p=.016 t=3.150, p=.005 

 

A Mann-Whitney U test is conducted to determine whether there are significant differences 

between the means of quantity and variety. The Mann-Whitney U test is a nonparametric 

test, which does not require the assumption of normal distributions, used for assessing 

significant differences. Similar to the independent T-test, there is a significant difference 

between the means of two conditions, if the p-value is less than or equal to 0.05. As shown 

in Table 4.6, all the p-values are less than 0.05. This indicates that there are significant 

differences between the means of quantity and variety respectively, while comparing the 

Combinator participants with the non-tool participants and with the Google Image 

participants. 

 

Table 4.6. Mann-Whitney U test result of ‘Quantity’ and ‘Variety’ 

Metrics 
The Combinator Participants and the 

Non-tool Participants 

The Combinator Participants and the 

Google Image Participants 

Quantity p=.006 p=.001 

Variety p=.003 p=.001 
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The Cohen’s d values are calculated to define the standardised differences between the 

means to support the statistical analysis. Besides, the independent T-test has indicated an 

insignificant difference between the mean novelty scores of the Combinator participants 

and the non-tool participants. As shown in Table 4.7, comparing the Combinator 

participants and the non-tool participants, there is a medium effect size of the non-

significant difference between the mean novelty scores. However, there are large effect 

sizes of significant differences between the mean scores of the other three metrics. In terms 

of the Combinator participants and the Google Image participants, there are large 

differences between the means of all four metrics. 

 

Table 4.7. Cohen’s d (effect sizes) of the metrics of different participants 

(Small : d=.20; Medium : d=.50; Large : d=.80) 

Metrics 
The Combinator Participants and the 

Non-tool Participants 

The Combinator Participants and the 

Google Image Participants 

Quantity 1.33 (Large) 1.71 (Large) 

Novelty .61 (Medium) .96 (Large) 

Quality 1.07 (Large) 1.29 (Large) 

Variety 1.46 (Large) 1.77 (Large) 

 

 

Table 4.8. Robust confidence intervals by using 95% confidence interval of means 

Metrics 
The Combinator 

Participants 

The Non-tool 

Participants 

The Google Image 

Participants 

Quantity 
Lower Bound 3.21 1.45 1.25 

Upper Bound 5.50 3.00 2.36 

Novelty 
Lower Bound 6.34 5.95 5.38 

Upper Bound 7.15 6.74 6.47 

Quality 
Lower Bound 6.39 5.35 5.42 

Upper Bound 6.95 6.35 6.28 

Variety 
Lower Bound 2.58 1.18 1.17 

Upper Bound 4.12 2.29 1.92 
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The robust (bootstrap) confidence intervals are also calculated, as presented in Table 4.8, by 

using 95% confidence interval of means and 1000 samples. It provides robust confidence 

intervals for estimates based on one thousand samples. The result shows that 95% of the 

Combinator participants could score 3.21 to 5.50 in quantity, 6.34 to 7.15 in novelty, 6.39 to 

6.95 in quality, and 2.58 to 4.12 in variety. The performances of the Combinator participants 

are better than the other two types of participants based on an estimated 1000 samples 

data size, according to the calculation result. 

According to the statistical analysis above, in terms of comparing the twelve participants 

using the Combinator V2.0 with the twelve participants without using tools concerned in the 

case study, there are significant increases in quantity, quality and variety at individual levels. 

However, there is a non-significant improvement in novelty. Comparing with the twelve 

participants using Google Image at the individual level, there are large improvements in all 

four aspects. This indicates that, concerning the conducted design challenge, the 

Combinator V2.0 had improved the users’ fluency in idea generation as well as enhanced 

the originality, usefulness, and flexibility of the ideas produced in comparison with the non-

Combinator users. 

 

4.4.2.5. Results of Evaluation – High-novelty and High-quality Ideas Analysis 

In addition, the number of high-novelty and high-quality ideas are also significant criteria, as 

generally only high-novelty and high-quality ideas will be accepted and developed into final 

products. In this case study, an idea is considered as a high-novelty idea or a high-quality 

idea while its novelty score or quality score is greater or equal to 7, respectively. As shown 

in Figure 4.15, the twelve Combinator participants generated 28 high-novelty ideas out of 

53 ideas in total, while the twelve non-tool participants only produced 9 out of 26 and the 

twelve Google Image participants generated 6 out of 21. In terms of high-quality ideas, the 

twelve non-tool participants and the twelve Google Image participants came up with 3 and 

1 respectively, while the twelve Combinator participants generated 19 in total. Thus, 53% of 

the ideas generated by the Combinator participants are high-novelty ideas, while only 35% 

and 29% of the ideas generated by the non-tool participants and the Google Image 

participants are high in novelty, respectively. The Combinator participants generated 36% 
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high-quality ideas, which is about 3 times of that of the non-tool participants and 7 times of 

that of the Google Image participants. 

 

 

Figure 4.15. Total number of high-novelty and high-quality ideas 

 

4.4.2.6. Observations and Interviews 

Observations and video recordings were introduced as a process-based evaluation method. 

Although this method cannot provide very convincing results, to some extent, it could be 

used to understand how ideas were produced by different groups of participants during the 

idea generation sessions. According to observations and video recordings, the recorder 

would need to record the time a participant spends on sketching and writing ideas and the 

time a participant spends on thinking (not producing ideas). The recorder would also need 

to record the reactions of the Combinator participants and the Google Image participants, 

such as starting to produce ideas, while corresponding types of images are shown to the 

participants. The results have shown that the participants who were using the Combinator 

V2.0 spent less time than the other participants on the thinking process. This could be that 

non-Combinator users had to retrieve relevant knowledge to produce a creative idea, which 

could be challenging as well as time-consuming, especially for novice designers. In addition, 
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the Combinator users could always come up with new ideas after being stimulated by the 

ideas produced by the tool. It can assume that ideas or stimuli generated by the Combinator 

V2.0 could be used for further idea derivation. According to Howard et al. (2011), a stimulus 

does not directly inspire new ideas, but divert designers into new design spaces to enable 

new ideas. Thus, the process-based evaluation has revealed that it was the ideas generated 

by the Combinator V2.0 that assisted users in generating creative ideas. This is how the 

Combinator V2.0 functioned during the idea generation challenge and the reason why the 

Combinator users generated more creative ideas than the others. 

Interviews were conducted after each participant had accomplished the design challenge. 

The participants were asked to evaluate their ideas, user experience, and creativity levels 

during the study. The Combinator users as well as the Google Image users were asked to 

score the ideas produced by themselves, from 1 to 10 (from ‘poor’ to ‘good’) in terms of 

quality, novelty, and variety. In general, the ideas produced by the using Combinator V2.0 

have higher scores in all three aspects (7.3, 8.6, 8.4 on average, respectively) comparing 

with the ideas produced by using the Google Image (6.3, 4.2, 6.3 on average, respectively). 

This indicates that the users were satisfied with the outcomes of the Combinator V2.0. 

These participants were also asked to evaluate their user experience of the tools in four 

aspects: usefulness, easiness, comfort, and enjoyment. According to the user experience 

evaluation, the Combinator V2.0 had provided a superior user experience and been 

considered as a useful, easy, comfortable, and enjoyable tool (obtained average scores of 

7.5, 9.1, 8.3, 8.5, respectively). In terms of Google Image, it had been indicated to be an easy 

and comfortable tool (achieved average scores of 7.4 and 7.6, respectively), but unenjoyable 

and less useful (obtained average scores of 5.9 and 5.0, respectively). All the participants 

were asked to grade themselves from 1 to 10 to describe how creative they feel during the 

idea generation sessions. Overall, the Combinator participants had graded themselves with 

higher creativity level scores (7.5 on average) comparing with the others (5.1 and 5.6 on 

average for the Google Image users and non-tool users, respectively). This implied that the 

Combinator V2.0 had positively influenced the creative thinking of the participants during 

the idea generation.  

All the twelve Combinator participants provided highly positive feedback considering the 

Combinator V2.0 as a very useful tool for idea generation. However, some participants using 



108 
 

the Combinator V2.0 pointed out that the quality of several images produced from the 

Combinator V2.0 was poor, which interfered with their thinking. Several non-design 

background participants indicated that the Combinator V2.0 generated many high-quality 

and useful ideas, but it was difficult for them to translate these ideas into creative 

outcomes. Most of the Google Image users considered Google Image as a useless tool, as 

the images provided by the tool were monotonous. In terms of the non-tool participants, 

some thought that the design task had a certain degree of difficulty, and thus it was 

challenging for them to come up with a number of creative ideas. Most of the non-tool 

participants acknowledged that they need some stimuli, especially visual stimuli, to help 

them in idea generation. 

 

4.4.2.7. Discussion 

  

Figure 4.16. The Slide Bin Figure 4.17. The Tangram Bin 

 

 

 

Figure 4.18. The Flower Bin Figure 4.19. The Stair Bin 
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Several examples of the ideas produced by using the Combinator V2.0 have been selected 

and sketched, as shown in Figure 4.16-4.19. Figure 4.16 shows a combinational idea for a 

‘Slide Bin’. The originator of this ideas noted that the Slide Bin was inspired from the 

combinational idea ‘slide – bin’ generated by the Combinator V2.0. Consumers can spin the 

slide to choose the type of waste to dispose. This creative design provides waste separation 

function as well as the enjoyment of allowing waste to go down the slide to a selected 

destination. The ‘Tangram Bin’, as shown in Figure 4.17 was generated based on the 

combinational output ‘tangram – bin’. The space-efficient tangram design allows the bins to 

connect to one another freely to form a variety of shapes, which is similar to tangram 

puzzles. The design enables customers to custom their bins’ waste classification and layout. 

A ‘Flower Bin’ idea and a ‘Stair Bin’ idea are shown in Figure 4.18 and 4.19, respectively. 

These 2 ideas were also generated under the assistance of the Combinator. The examples 

indicate that the Combinator V2.0 is capable of assisting designers in producing creative 

ideas that are quality, novel, and useful. 

As illustrated in the evaluation sections, comparing with the ideas generated by the 

designers using intuition and experience as well as Google Image, the ideas produced by the 

designers using the Combinator V2.0 are better in quantity, novelty, quality, and variety. 

Therefore, the Combinator V2.0 is considered to be beneficial for designers in idea 

generation, albeit based on a limited data sample. The new tool is capable of assisting 

designers in increasing better idea occurrence, expanding the design space, enhancing the 

design success rate, and improving design space exploration. The improvement on the four 

metrics has reflected the effectiveness and the creativity of using the Combinator V2.0 on 

solving design challenges. The case study has demonstrated that the Combinator V2.0 could 

enhance the users’ fluency in idea generation as well as increase the originality, usefulness, 

and flexibility of the ideas produced. Additionally, the test results of the participants using 

Google Image are slightly poorer than the results of the participants using knowledge and 

intuition. The monotonous images provided by Google Image might had led some 

participants into design fixation. 

According to the statistical analysis, there were large improvements on quantity, quality, as 

well as variety, while comparing the ideas produced by the Combinator participants with the 
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ideas produced by the non-tool participants as well as the Google Image participants. There 

was a significant increase in novelty while comparing the Combinator participants with the 

Google Image participants, but a non-significant increase in comparison with the non-tool 

participants. The statistical analysis indicates that the ideas produced by the Combinator 

V2.0 had significantly improved the design space exploration, better ideas occurrence, and 

design success rate. Westerlund (2009) illustrated that the exploration of the design space is 

conducted through exploring possible solutions. Thereby, we can assume the ideas 

produced by the Combinator had significantly increased the number of possible solutions 

which supported the users in the design space exploration. The ideas generated by the 

Combinator had stimulated its users producing more ideas. A greater number of ideas 

generated indicates a higher number of better ideas, and thereby a higher rate of success. 

However, the tool only slightly expanded the design space. It has been revealed that design 

space can be expanded by introducing new design variables and stimuli (Gero and Kumar, 

1993, Howard et al., 2011). Considering the conducted design challenge, the design 

specification had reached a high degree, therefore, there was a low possibility of adding 

new design variables. In terms of introducing stimuli, the outcomes of the Combinator were 

considered as design stimuli, but some designers might have had difficulties in recognising 

the stimuli and transforming them into novel ideas. 

As shown in Figure 4.15, the number and the proportion of high-novelty ideas and high-

quality ideas generated by using the Combinator are greater than the ones produced 

without using any tools and the ones produced by using Google Image, respectively. Thus, in 

case study 2, a greater number of ideas generated by using the tool can be implemented 

into final designs. 

The observations indicated that the Combinator users generated more outcomes than the 

others with the help of the ideas produced by the tool. Through interviewing the 

participants, the designers from the Combinator participants felt more creative than the 

others during the ideation, which indicated a positive unconscious influence of the 

Combinator. The users of the Combinator V2.0 were highly satisfied with its user experience 

and outputs. However, a few users suggested that the output image quality can be 

improved. 
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The case study shows that all the Combinator users provided highly positive feedbacks, 

considering the Combinator V2.0 as a useful, easy, comfortable, and enjoyable tool which 

can produce quality, novel, and various outcomes. The process-based evaluation reveals 

that the Combinator users were inspired by the ideas generated by the tool, and thereby 

generating or deriving creative ideas. Albeit based on a limited data sample, the outcome-

based evaluation results suggest that the Combinator V2.0 can help designers generate 

creative ideas which are outstanding in quantity, novelty, quality, and variety. Moreover, a 

relatively high proportion of the ideas produced by using the tool is superior in quality and 

novelty. 

In long idea generation sessions, the Combinator is considered to have significant 

advantages, as it can continuously generate prompts, which can be regarded as stimuli, to 

assist users in ideation. According to Howard et al. (2011), several industrial case studies 

showed that the idea generation rate declines after 30 minutes, and idea quality decreases 

dramatically after 20 minutes during brainstorming. It was also indicated that the use of 

stimuli during brainstorming could maintain the idea generation rate and quality during 

brainstorming. Therefore, it is highly possible that the longer the hours of idea generation, 

the better performance of using the Combinator. 

The effectiveness of the Combinator can be affected by multiple factors, such as users’ 

background, users’ experience, users’ age, and the design problem. In terms of the 

conducted case study, it is the design challenge that can be deemed as the most critical 

factor in terms of maintaining high creative levels, as the design challenge had reached a 

high degree of design specification.  

The Combinator V2.0 is an updated version of the Combinator V1.0. A semantic net has 

been implemented into the Combinator V2.0, which has enabled the Combinator to perform 

aspects of associative thinking similar to humans. Concerning case study 2, the Combinator 

V2.0 is considered to be beneficial for designers in creative idea generation, albeit based on 

a limited data sample. Comparing with the ideas generated by the designers using intuition 

and experience as well as Google Image, the ideas produced by the designers using the 

Combinator V2.0 are better in quantity, novelty, quality, and variety. The statistical analysis 

has shown that there are large improvements in quantity, quality, as well as variety, while 

comparing the ideas produced by the Combinator participants with the others. There is also 
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a significant improvement in novelty while comparing the Combinator participants with the 

Google Image participants, but a non-significant increase in comparison with the non-tool 

participants. Therefore, the tool is capable of assisting designers in increasing better idea 

occurrence, expanding the design space, enhancing the design success rate, and improving 

the design space exploration. 

 

4.5. Chapter Conclusions 

A new tool, called the Combinator, has been developed which is a piece of computer 

software based on combinational creativity. Combinational creativity is the easiest and the 

most commonly used approach for humans to achieve creativity, but has been elusive in 

computational tools to date. The tool is an imitation of aspects of the human brain in 

generating combinational creative ideas. It produces combinational ideas in texts as well as 

in images through combining unrelated or indirectly related familiar ideas automatically 

similar to humans. This study has utilised up-to-date information retrieval technology, 

natural language processing tool, and existing knowledge base for creating the Combinator. 

Comparing with other computational tools, such as the scenes synthesis tool developed by 

Georgiev et al. (2017) and the scenario combination tool by (Bacciotti et al., 2016), the 

Combinator can produce outcomes in image-forms while other tools mainly generate 

outcomes in text-forms. The outcomes in image-forms produced by the Combinator could 

help users comprehend the outcomes in text-forms. Moreover, the image-based outcomes 

could be considered as new image stimuli which can provoke users’ creative mind in 

producing or deriving more ideas. Besides, in comparison with computational tools, such as 

the Inspire 3.0 (Chakrabarti et al., 2017) and the virtual concept generation process (Taura 

et al., 2012), the Combinator is easier to learn and simpler to use. Thereby, the Combinator 

has provided a great user experience and an effective user operation.   

Two case studies were conducted to evaluate the Combinator, involving about fifty 

participants. The results of the studies have indicated that the Combinator can be useful and 

effective in assisting novice designers as well as experienced designers in idea generation. In 

addition, all the Combinator users provided positive feedback in terms of user experience 

and outputs. Compared with non-Combinator users, the Combinator has improved the 
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users’ fluency in idea generation and enhanced the originality, usefulness, as well as 

flexibility of the ideas produced, for the case studies concerned. The improvement of the 

four metrics has indicated the high effectiveness of using the Combinator in idea 

generation. The limited case study undertaken indicates that the Combinator is considered 

to be beneficial in expanding the design space, increasing better ideas occurrence, 

improving design space exploration, and enhancing the design success rate. Nevertheless, 

the degree of improvement through using the Combinator is based on different design 

challenges and different tool users. The simulation algorithm used for developing the 

Combinator can be considered as a new effective approach for developing design tools, 

especially idea generation tools. Further research is planned to improve the efficiency and 

effectiveness of the Combinator, as well as to enhance the Combinator algorithm in 

imitating aspects of the human brain in generating combinational ideas.  

The Combinator, in its current formulation, produces combinational ideas in a random 

manner. That is, the ideas are associated together randomly in the Combinator. Although, 

randomness is an essential element of creativity, it is significant to investigate how 

combinational creativity is produced in design and the relations between the two ideas that 

forms the combination. Therefore, the following two chapters is going to explore how 

combinational creativity is driven in practical designs, and the conceptual distances between 

ideas in combinational creativity. 
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Chapter 5. Combinational Creativity – Three Driven 

Approaches 

 

This chapter investigates the driving forces behind combinational creativity. Three driven 

approaches to combinational creativity are proposed, which are problem-, similarity-, and 

inspiration-driven. The three driven approaches are explored based on previous research 

projects on design process, strategy and cognition. A study involving two-hundred of 

practical products selected from winners of international design competitions has been 

conducted to evaluate the three approaches proposed. The results support the three driven 

approaches and indicate that they can be used independently as well as complementarily. 

The three approaches proposed in this study have provided an understanding of how 

combinational creativity functions in design. The approaches could be used as a set of 

creative idea generation methods for supporting designers in producing creative design 

ideas. 

 

Some of the work described in this chapter has been previously published as: 

Han J., Park D., Shi F., Chen L., Hua M., Childs P. R. N., 2017. Three Driven Approaches to 

Combinational Creativity: Problem-, Similarity-, and Inspiration-Driven. Proceedings of the 

Institution of Mechanical Engineers, Part C: Journal of Mechanical Engineering Science. doi: 

10.1177/0954406217750189. Copyright © IMechE 2017. Reprinted by permission of SAGE 

Publications. 

Han J., Park D., Shi F., Chen L., Childs P. R. N., 2017. Three Driven Approaches to 

Combinational Creativity. DS 87: Proceedings of the 21st International Conference on 

Engineering Design (ICED17), Vol. 8. P259-p268. Copyright © Design Society 2017. Reprinted 

by permission of Design Society. 
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5.1. Three Driven Approaches to Combinational Creativity 

Combinational creativity, which involves unfamiliar combinations of familiar ideas, is the 

easiest form of creativity to achieve among exploratory, transformational, and 

combinational creativity (Boden, 2004, Boden, 2009). A computational tool, ‘the 

Combinator’, which is developed based on imitating aspects of human cognition in 

producing combinational creativity, has been illustrated in the previous chapter. The 

Combinator combines ideas to generate combinational ones in a random manner. However, 

few studies have investigated how basic ideas are selected for producing combinational 

creativity, why basic ideas can be combined, and what drives the combination of basic ideas. 

Thereby, it is significant to explore the factors and motivations that drive combinational 

creativity in practical design. This could assist designers and researchers in improving 

creative ideation and developing computational creative ideation tools. 

The aim of this chapter is to report insights on approaches that drive combinational 

creativity, especially in product design. Understanding driving forces behind combinational 

creativity can lead to a better comprehension of creativity. This could significantly improve 

creativity during idea generation in design. In addition, understanding driven approaches to 

combinational creativity is beneficial for developing computational design support tools that 

simulate human creativity. In this chapter, we propose three driven approaches to achieve 

combinational creativity: problem-, similarity-, and inspiration-driven. The three approaches 

are indicated through studying and reviewing previous research projects on design process, 

cognition, and strategy. In order to evaluate the three driven approaches, a quantitative 

study involving experts analysing two-hundred award-winning creative products is 

conducted. As illustrated in Chapter 2, quantitative methods, such as decision table and 

statistical analysis, are employed to generalise the research findings to a larger population 

of products. However, the quantitative methods employed might not explain the designers’ 

underlying thinking processes of using and forming the driven approaches to produce 

combinational products. Using qualitative methods could provide more insights into the 

underlying human experience, but it is challenging and very time-consuming to obverse a 

designer’s cognitive process.  
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Noun-noun combination, which is the conventional form of combinational creativity, is the 

focus of this study. In noun-noun combinations, a noun is not restricted to single noun 

words (such as 'pen', 'robot'), it can be noun phrases (such as 'vacuum cleaner', 'coffee 

machine'). A number of research projects have studied noun-noun compound phrases and 

how people interpret them, for example the studies by Costello and Keane (2000), and 

Ward et al. (2002). Noun-noun compound phrases are often interpreted by three methods, 

which are property mapping, hybrid, and relational thinking (Nagai et al., 2009, Taura et al., 

2007). Nagai et al. (2009) revealed that combined concepts or ideas can be interpreted 

through using property-mapping, concept blending, and concept integration. However, the 

motivations and reasons of why two nouns or concepts can be combined to prompt 

creativity are uncharted. This can be considered as the driving force of combinational 

creativity is unknown. 

In this study, the term ‘idea’ is defined according to the study by Taura and Nagai (2013), 

and in line with the research in design study by Hatchuel et al. (2013). An idea is considered 

as an object or the concept of an object. More precisely, an idea can be regarded as the 

representations (such as features, functions, and attributes) of an object as well as the 

aesthetics of the object. Here, an ‘object’ is not restricted to physical objects, and it also 

involves abstract objects such as music styles. ‘Aesthetics’ involves both the physical shape 

of the object and the notion of the figure. As illustrated in the previously, this study is 

focused on noun-noun combinations. Here, the two nouns are considered as two ideas used 

for constituting a combinational idea. The following sub-sections illustrate how ideas are 

promoted during design. Three hypotheses on how combinational creativity is driven are 

proposed with corresponding practical examples. The three driving forces: problems, similar 

representations, and inspirations are proposed based on previous research projects on 

design process, cognition and strategy. 

 

5.1.1. The Problem-driven Approach 

A problem can be regarded as a recognition of an incomplete pattern that needs resolutions 

(Coccia, 2016). Relevant data are assimilated for exploring solutions by means of mental 

acts to solve a problem. In design, Taura and Nagai (2013) described that a problem is the 
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gap between a target of an object and its existing situation. Problem-driven, which is an 

approach to generate ideas based on a problem (Taura and Nagai, 2013), is the dominant 

strategy employed by designers that often leads to quality solutions (Kruger and Cross, 

2006). This indicates that solving a design problem can be described as exploring ideas to 

bridge the gap between the target of an object and its current situation. For example, 

designing a socket to avoid electric leakage caused by rain or splashed water is considered 

as the target of the object. A socket (the object) is an electrical device used to receive a plug 

to make an electrical connection with circuit wires, which is the existing situation of the 

object. Thus, the problem or the gap between the object and the target is to protect socket 

against rain or water. An umbrella is a device consisting of a circular cover used as a 

protection against rain, which can be deemed as an idea that can bridge the gap and solve 

the problem. Therefore, the target of the object can be achieved by implementing an 

umbrella on a socket. In terms of combinational creativity, this instance can be interpreted 

as combining a socket (the object) and an umbrella (the problem-solving idea) to produce a 

rainproof socket (the target). A practical design solution of a rainproof socket combining a 

socket and an umbrella is the Anti-rain Ares designed by the Gongniu Group, as shown in 

Figure 5.1(a). This is known as the problem-driven approach of combinational creativity, 

which can be considered as combining a primary idea and a problem-solving idea to achieve 

a target idea. In the problem-driven approach, a problem is considered as the driving force 

of combinational creativity in ideation. 

 

5.1.2. The Similarity-driven Approach 

Two designs are similar for sharing a set of similar representations such as functions, 

features, and purposes (Earl and Eckert, 2002). For example, a torch and a lantern are 

similar for sharing a common representation which is the function or purpose of 

illumination. The perception of the similarity between two ideas includes recognising 

surface similarity as well as structural similarity (Eckert et al., 2003, Ozkan and Dogan, 2013). 

Surface similarity refers to the attributional resemblance, while structural similarity refers to 

the underlying relational resemblance. Chan (2015) indicated that artworks possessing 

similar critical common representations, should demonstrate a similar appearance and can 
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be categorised as the same style. It suggested that two ideas sharing a similar 

representation or a set of similar representations can be classified into the same idea 

category. Thereby, ideas from the same idea category can be associated via similar 

representations. Suzuki (2005) indicated that, due to the capability of the associative 

memory of the human memory, an idea can be recalled with its associated idea. For 

instance, a cup is generally recalled when a glass is mentioned. Similar ideas are often 

associated in the human brain via sharing similar representations through learning and 

experience (Suzuki, 2005). The similar ideas can be considered as ideas that have been 

associated in the human brain. Although two similar ideas might have already been 

associated, the combination of the two ideas can still be novel. The similar representations 

of two or more ideas are considered as a driving force for generating combinational creative 

ideas, which we named as the similarity-driven approach. For example, a spatula and a pair 

of tongs are both used for cooking which is the similar representation that classifies spatulas 

and tongs into the cooking utensil category. Thereby, a spatula and a pair of tongs can be 

integrated into a separate piece of cooking utensil. With regards to combinational creativity, 

this example can be considered as combining a spatula and a pair of tongs, which were 

associated through the similar representation, for generating a new piece of combinational 

cooking utensil. The Tongner designed by Daka International Ltd. is a practical similarity-

driven instance combining a spatula and a pair of tongs, as shown in Figure 5.1(b). In terms 

of combinational creativity, the similarity-driven approach can be described as combining a 

primary idea and an associated similar-representation idea to generate combinational 

creativity. Similar representations are considered as another driving force of achieving 

combinational creativity in idea generation. 

 

5.1.3. The Inspiration-driven Approach 

Inspiration plays an important role in the creative process, which compels individuals to 

produce creative outcomes (Oleynick et al., 2014). It is described as the mental process of 

being stimulated to do or feel something, especially to do something creative. Inspiration 

has three core characteristics: evocation, transcendence, and approach motivation (Thrash 

and Elliot, 2003). It is a passive process involves appreciating the perceived intrinsic values 
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of stimulating objects as well as an active process involves motivating the actualization of 

valued properties to new objects (Thrash and Elliot, 2004). In design, inspiration is known as 

a process, which integrates the use of any entities in any forms, of generating creative 

solutions for existing problems (Gonçalves et al., 2014). Prior experiences, knowledge, and 

examples, as well as previous designs are often served as sources of inspiration (Sio et al., 

2015, Chan et al., 2015, Eckert et al., 2000, Eckert and Stacey, 2000). Inspiration sources can 

take various forms such as geometrical shapes, objects, phenomena from nature, as well as 

abstract texts, sketches, and diagrams (Cai et al., 2010). Sources of inspiration significantly 

contribute to design defining the contexts for new designs and provoking idea generation 

(Chan et al., 2015, Eckert and Stacey, 2000). In design, comparable designs, other types of 

design, images, objects, and phenomena (Eckert and Stacey, 2000), as well as knowledge 

from patents (Valverde et al., 2017) and information in the form of design concepts (Howard 

et al., 2011) are often used by designers for triggering idea generation. However, Crilly and 

Cardoso (2017) have pointed out that sources of inspiration might have an effect of 

constraining the designers’ imagination rather than freeing. A design idea can be produced 

by referring to existing ideas (Gonçalves et al., 2014, Eckert and Stacey, 2000), in other 

words by employing sources of inspiration. This is considered as the inspiration-driven 

approach in this study. Here, sources of inspiration are referred to as inspirational ideas. A 

practical instance driven by inspiration is the Juicy Salif designed by Philippe Starck. Lloyd 

and Snelders (2003) illustrated that the Juicy Salif was inspired by a dish of baby squids 

ordered by Philippe at a waterfront restaurant while he was thinking of solutions for a 

lemon squeezer. The Juicy Salif is considered as a combination of a lemon squeezer (the 

existing idea) and a squid (the inspirational idea), as shown in Figure 5.1(c). In terms of 

combinational creativity, the inspiration-driven approach involves combining an 

inspirational idea and an existing idea to produce a combinational idea. Inspiration or 

inspirational ideas is the driving force of combinational creativity in this approach. 

 

5.1.4. Summary of the Three Driven Approaches 

In a noun-noun combinational idea, one of the nouns is the primary idea or the basic idea, 

which is named as the base. The other noun, which is the additional idea for forming the 
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combination, is called as the additive. As discussed above, the three driven approaches to 

combinational creativity are indicated as follows as well as in Table 5.1: 

1. The problem-driven approach: Combinational creativity is driven by design problems. A 

target combinational idea is achieved through combining a basic idea (the base) and a 

problem-solving idea (the additive). 

2. The similarity-driven approach: Combinational creativity is driven by similar 

representations between two ideas. A combinational idea is generated by combining a 

primary idea (the base) and a similar representation idea (the additive). 

3. The inspiration-driven approach: Combinational creativity is driven by inspiration or a 

source of inspiration. A combinational idea is produced through combining a basic idea 

(the base) and an inspirational idea (the additive). 

 

Table 5.1. The three driven approaches 

Driven Approaches The Bases The Additives Types of Combinational Creativity 

The problem-driven 

approach 
Basic idea Problem-solving idea 

Problem-driven combinational 

creativity 

The similarity-driven 

approach 
Basic idea Similar-representation idea 

Similarity-driven combinational 

creativity 

The inspiration-driven 

approach 
Basic idea Inspirational idea 

Inspiration-driven combinational 

creativity 

 

The three approaches illustrated above are driven by three different forces which result in 

three different additives. In the problem-driven approach, a problem-solving idea, which 

can bridge the gap between the base and the target, performs as the additive. In the 

similarity-driven approach, the additive is an idea sharing a similar representation or a set of 

similar representations with the base. In the inspiration-driven approach, an inspirational 

idea, which can stimulate designers to come up with creative solutions by referring to the 

base, is the additive. In actual design idea generation, the three approaches can 

complement each other as well as perform independently. For instance, combinational 

creativity can be achieved by a base and an additive which is a problem-solving idea as well 

as a similar representation idea. A practical example using an integrated approach is the 

Ceiling Bladeless Fan designed by Midea Ltd., which is a combination of an electric fan and a 
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LED light, as shown in Figure 5.1(d). The LED light can be considered as the additive which is 

a problem-solving idea that solves the illumination problem, as well as a similar 

representation idea that shares a similar feature of ‘mounted on the ceiling’ with the ceiling 

fan. 

 

Figure 5.1. Examples of the three driven approaches proposed 

 

5.2. Evaluation of the Three Driven Approaches 

5.2.1. Evaluation Method and Processes 

In order to evaluate the three driven approaches proposed in this study, a study has been 

conducted to investigate how combinational creativity is achieved during practical product 

design by means of expert evaluation. The term product design involves various product 

categories, such as consumer electronics, furniture, lighting, cooking utensils, fashion 

accessories, and so forth. Evaluating a design concept or a product is commonly regarded as 

a multi-criteria decision-making process. The evaluation is often directed by design experts, 

and it is mainly based on qualitative descriptions and subjective judgements (Zhai et al., 

2009). In addition, the identification of evaluation criteria also relies on design experts 

(Geng et al., 2010). Moreover, Amabile (1996) has suggested to use experts for identifying 

creativity. This indicates that expert evaluation is an efficient and effective method to assess 

and analyse a practical product and its creativity. Thus, expert evaluation was applied in the 

study for product analysis and assessment. However, evaluation results might vary due to 

different evaluators’ experience and knowledge. Sarkar and Chakrabarti (2011) have used 

designers with four years of experience on average for assessing design creativity in their 
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project. Five experts, two product designers, one with over ten years of experience and one 

with over five years of experience, and three design engineers, having over four years of 

experience, were highly interested and intrinsically motivated to participate in this study 

voluntarily. The two product designers were identified as expert 2 and expert 5, while the 

three design engineers were called expert 1, 3, 4, respectively, for a concise illustration in 

the following sections. Although five experts might seem low as a number of a sample size, 

there are no standards about the number of expert participants for conducting an 

evaluation (Lai et al., 2006). Achiche et al. (2013) have pointed out that the required 

number of expert participants is far less than general participants. For instance, five experts 

participated in the research by Achiche et al. (2013) and four experts participated in the 

study presented by Doré et al. (2007). Additionally, Charyton and Merrill (2009) have 

employed two experts for assessing general creativity and creative engineering design. In 

this study, the five experts were trying to analyse and assess how the concept of a product is 

generated, which was challenging and considered as reverse engineering at concept levels. 

Therefore, the number of experts used in this study was considered to be sufficient for 

conducting a difficult evaluation. 

In order to investigate the three driven approaches, two-hundred combinational creativity 

originated products were chosen from the winners of top international design competitions 

by purposive sampling. Among the two-hundred products, one-hundred-and-two samples 

were chosen from the Red Dot Design Award, while the others were selected from the iF 

Award (International Forum Design Award). The samples were selected through analysing 

names, images, and text descriptions of products. Wang and Chan (2010) revealed that 

international design competitions, such as the Red Dot Award and the iF Award, are 

creativity-oriented and thereby encourage creative design. Although the international 

design awards’ winners might lack of creativity assessments, the winners are arguably 

considered more creative than the conventional products on the market. In addition, 

novelty and usefulness, which are commonly used for creativity assessment (Sarkar and 

Chakrabarti, 2011, Chulvi et al., 2012, Diedrich et al., 2015), are the top assessment criteria 

of award-winning designs in international design competitions (Hasdoğan, 2012). Moreover, 

design award-winning products have been employed by researchers to develop creative 

idea generation methods, such as the 77 design heuristics (Yilmaz et al., 2016) and winning 
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formulas for metaphor design (Wang, 2016). Thus, the winners of design competitions are 

often characterised as creative products that are valuable and useful. Using award-winning 

products to infer underlying creative thinking processes might have limitations, as a product 

might have been edited by the authors and rules for submission. Additionally, several 

processes besides idea generation (the creative thinking process), such as problem 

definition and idea evaluation, are all related to creative production. However, in this study 

we are focused on investigating how the idea of an award-winning product was possibly 

generated through idea combination by expert evaluation, rather than evaluating the 

degree of creativity or how a creative product was produced. 

A decision table, as shown in Figure 5.2, involving the two-hundred samples selected was 

constructed by the experts. The table includes specific information of the samples, such as 

the names, images, and text descriptions, which were adopted from the official websites of 

the design competitions. The name, image, and text description of a product, which 

originated from the designer who came up with the product, were considered as qualitative 

descriptions. This implies that the specific information of the samples can be used as a 

foundation resource for analysing and assessing the samples. Thus, before starting to 

evaluate the three driven approaches, the selected products were decomposed into bases 

and additives based on the specific information. For example, the Parqer Glass was 

decomposed into a ‘Glass’ as the base and a ‘Pin’ as the additive, according to its image and 

its description ‘The Parqer Glass is a classic wine glass with a robust aluminium pin allowing 

the glass…’, as shown in Figure 5.2. Based on the name, the image, the description, the base 

idea, and the additive idea of a product, the experts evaluated which driven approach or 

combination of approaches was used to originate the idea of the product, respectively. For 

instance, the Parqer Glass originated by applying the problem-driven approach solely, due 

to that the additive ‘Pin’ was combined with the base ‘Glass’ for solving the problem of 

‘‘parking’ the glass in any soft surface’ according to its text description, as shown in Figure 

5.2. Besides, the experts were required to state if any driven approaches other than the 

three proposed were implemented in a product. 
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Figure 5.2. A decision table example 

 

5.2.2. Evaluation Results 

Prior to the evaluation, all the five evaluators were trained to understand the three driven 

approaches through studying the definitions of the approaches as well as examples of each 

approach. They were also trained to evaluate a product via demonstrations by the authors. 

Then, the evaluators were asked to evaluate the two-hundred products based on their 

design experience and design intuition, respectively. The evaluators would need to evaluate 

which approach or approaches a product has employed by typing ‘Yes’ in the corresponding 

cell or cells, according to the provided name, image, description, the base, and the additive 

of the product, as shown in Figure 5.2. The evaluation results are summarised in Table 5.2. 

In the table, ‘P-driven’, ‘S-driven’, and ‘I-driven’ are the abbreviations of the problem-driven 

approach, the similarity-driven approach, and the inspiration-driven approach, respectively. 

‘P-driven and S-driven’ indicates that the problem-driven approach and the similarity-driven 

approach are both used to originate a product. Similarly, ‘P-driven and I-driven’ implies that 

both the problem-driven approach and the inspiration-approach are applied in a product, 

while ‘S-driven and I-driven’ shows that both similarity-driven and inspiration-driven are 

used. ‘P-driven S-driven I-driven’ indicates that all the three driven approaches are 

implemented simultaneously to derive a product. In the last column, ‘Others’ indicates that 



130 
 

combinational approaches other than the three proposed in this study are used to originate 

a product. 

 

Table 5.2. Evaluation results by the five experts 

(Note: P - problem, S - similarity, I - inspiration) 

 P-driven S-driven I-driven 

P-driven 

and 

S-driven 

P-driven 

and 

I-driven 

S-driven 

and 

I-driven 

P-driven 

S-driven 

I-driven 

Others 

Expert 1 
Total Number 142 52 89 36 38 11 2 0 

Percentage 71% 26% 45% 18% 19% 6% 1% 0% 

Expert 2 
Total Number 112 51 68 15 13 4 0 0 

Percentage 56% 26% 34% 8% 7% 2% 0% 0% 

Expert 3 
Total Number 132 66 66 37 13 16 2 0 

Percentage 66% 33% 33% 19% 7% 8% 1% 0% 

Expert 4 
Total Number 96 34 73 0 6 0 0 1 

Percentage 48% 17% 37% 0% 3% 0% 0% 1% 

Expert 5 
Total Number 121 42 73 16 16 4 0 0 

Percentage 61% 21% 37% 8% 8% 2% 0% 0 

Average 
Total Number 120.6 49 73.8 20.8 17.2 7 .8 .2 

Percentage 60% 25% 37% 10% 9% 4% 0% 0% 

 

The evaluation results by the five experts are shown in Table 5.2. The results are precise to 

1%, as it is not beneficial to report results in high precision or to attempt to derive detailed 

conclusions when there are medium or large deviations between experts. All the five 

experts have indicated that the problem-driven approach was the primary approach used 

for originating the products accounting for about more than half of the selected products. 

The inspiration-driven approach was implemented in about one-third of the total 200 

products on average, while the similarity driven approach was applied in about one-quarter 

of the products on average. Some products were not only generated by using a single driven 

approach, they were produced by applying two or three approaches complementarily. A 

minor proportion of the products were generated by using both the problem-driven 

approach and the similarity-driven approach, as well as by applying both the problem-driven 

approach and the inspiration-driven approach, respectively. Few products have 

implemented both the similarity-driven approach and the inspiration-driven approach on 



131 
 

average. Very few products originated by using all the three driven approaches together. 

However, only expert 4 has indicated one product that has used another driven approach 

for producing the combinational idea, while the other four experts have suggested the 

product is driven by design problems. 

A Kappa test has been conducted to study the inter-judge agreements of the problem-, 

similarity- and inspiration-driven approaches, between the five evaluators. However, 

Cohen’s kappa coefficient only measures the agreement between two judges (Hallgren, 

2012). Thus, for more than two raters, Light (1971) suggested that an overall index of 

agreement of a category is calculated by computing the mean Kappa value of all rater pairs. 

As shown in Table 5.3, the mean kappa values of the problem-driven approach, similarity-

driven approach, and the inspiration-driven approach are 0.55, 0.42, and 0.78, respectively. 

This has shown that there are moderate agreements on the problem-driven approach as 

well as the similarity-driven approach, and there is a good agreement on the inspiration-

driven approach.   

 

Table 5.3. Inter-rater agreements: Mean Kappa values of the three driven approaches 

(Note: P - problem, S - similarity, I - inspiration) 

(Kappa value and strength of agreement: .00-.20: Poor, .21-.40: Fair, .41-.60: Moderate, .61-.80: Good, .81-1.00: Very Good) 

Rater Pairs P-driven S-driven I-driven 

Kappa Value 

Expert 1 – Expert 2 .64 .96 .76 

Expert 1 – Expert 3 .65 .48 .75 

Expert 1 – Expert 4 .36 .07 .84 

Expert 1 – Expert 5 .85 .82 .90 

Expert 2 – Expert 3 .52 .45 .64 

Expert 2 – Expert 4 .39 .06 .73 

Expert 2 – Expert 5 .62 .81 .75 

Expert 3 – Expert 4 .33 .05 .75 

Expert 3 – Expert 5 .71 .40 .77 

Expert 4 – Expert 5 .44 .09 .87 

Mean Kappa Value .55 .42 .78 

Strength of Agreement Moderate Moderate Good 
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In order to support the justification of the evaluators' assessments, the convergence across 

ratings was appraised in addition to the Kappa test. The evaluation results from the five 

experts were analysed. Four out of five evaluators had the same evaluation results on 173 

products, 176 products, and 189 products out of the total 200 products in terms of the 

problem-driven approach, the similarity-driven approach, and the problem-driven approach, 

respectively. This indicates that four out of five evaluators had the same evaluation results 

on over 85% of the products in all the three driven approaches.     

 

5.3. Discussion 

The study has shown that problem-, similarity- and the inspiration-driven approaches have 

been widely used in the combinational creative products concerned in this research. As 

shown in Table 5.2, although the five experts have produced different evaluation results due 

to the different experience and subjective judgments, the results have demonstrated a 

similar pattern concerning the 200 products selected. That is, the problem-driven approach 

plays the dominant role in producing combinational creative ideas, as more than a half of 

the products applied this approach. This is in line with the research by Kruger and Cross 

(2006) that problem-driven is the dominant strategy used by designers. Inspiration-driven is 

the second popular approach, which was used in about one-third of the samples. The 

similarity-driven approach is the least common one, accounting for about a quarter of the 

products. This could be caused by the neglect of surface similarities and the difficulty of 

capturing structural similarities between two ideas. 

The products concerned were not only produced by using individual approaches, some were 

generated by using multiple approaches. Minor proportions of the products applied both 

the problem-driven approach with the similarity-driven approach and with the inspiration-

driven approach, respectively. Although the inspiration-driven approach is used more 

commonly than the similarity-driven approach, the integrated application of both the 

inspiration-driven approach and the problem-driven approach is used lesser than the one of 

combining the similarity-driven approach and the problem-driven approach. This could be 

that inspiration-driven is triggered by sources of inspiration, while the problem-driven is 

provoked by problems, where the focuses are different. Few of the products used the 
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combination of the similarity-driven approach and the inspiration-driven approach. Hardly 

any of the products were produced by using all the three approaches synthetically.  

The Kappa test conducted has shown that the two product designers, expert 2 and expert 5, 

have achieved high inter-judge agreement coefficients on the three approaches, which are 

0.62, 0.81, and 0.75, respectively. This indicates that they have reached good or very good 

inter-judge agreements. In addition, the two product designers have reached good 

agreements, very good agreements, or at least moderate agreements with the design 

engineers except expert 4. The two design engineers, expert 1 and expert 3, have reached 

two inter-judge agreements at good level and one at moderate level. However, they have 

slightly poorer agreements with the other design engineer (expert 4). It is shown that expert 

4 has low evaluation agreements with the other four experts, especially on the problem-

driven approach and the similarity-driven approach. This might be caused by a slightly 

different understanding of what problem is and what similarity is compared with the other 

experts in this study. If the evaluation result by expert 4 is excluded in the Kappa test, the 

mean Kappa values of the three driven approaches will all be higher than 0.60 which 

indicates that there will be good agreements on all the three approaches. However, the 

moderate inter-rater agreements on the problem-driven approach and the similarity-driven 

approach, and the good inter-rater agreement on the inspiration-driven approach have 

shown a good consistency of evaluating and analysing the two-hundred products among the 

five experts. This indicates that the five expert evaluators have reached a high-level inter-

judge agreement on how the ideas of the two-hundred products were possibly produced by 

using the three driven approaches of combinational creativity. 
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Therefore, albeit with a limited number of samples and participants, the study has indicated 

or justified the problem-driven approach, the similarity-driven approach, and the 

inspiration-driven approach proposed in this study. It has also shown that the three driven 

approaches can be used independently as well as complementarily for originating the 

products concerned. 

Expert 2, who is a product designer and has more than ten years of professional design 

experience, claimed himself as a ‘research-based functional designer’. However, he 

admitted that he had used combinational creativity for producing creative design ideas 

intentionally. For example, the ‘Brain Cell Clock’, as shown in Figure 5.3, is a design concept 

created by expert 2. This idea originated by using the inspiration-driven approach. The 

different colours of the ‘Brain Cell’ indicate different levels of activation, and thereby result 

in different time period. For example, the activated brain cells in red indicate day-time, the 

inactivated brain cells in blue present night-time, and the intermediate brain cells in yellow 

imply dawn and dusk. 

 

 

Figure 5.3. The ‘Brain Cell Clock’ - a combinational creative example by expert 2 

 

  



135 
 

5.4. Three Driven Approaches and the Combinator 

This chapter has described three driven approaches to produce combinational creativity: 

problem-, similarity-, and inspiration-driven. In the problem-driven approach, a 

combinational idea is produced via combining a basic idea and a problem-solving idea. In 

the similarity-driven approach, a combinational idea is achieved through combining a basic 

idea and a similar representation idea. In the inspiration-driven approach, a combinational 

idea is generated by combining a basic idea and an inspirational idea. The three driven 

approaches proposed are used widely in practical designs according to the conducted study. 

Therefore, the three driven approaches could be applied in the Combinator (see Chapter 4) 

to guide the idea combination process for improving the effectiveness and efficiency. 

In order to implement the three approaches into the Combinator, a second user input and 

an idea combination approach selection menu need to be introduced. The second user input 

is for driven inputs, which are design problems, similar representations and sources of 

inspiration respectively for the three driven approaches. The idea combination approach 

selection menu is for selecting a driven approach to produce combinational creativity. The 

combinational outputs are in text forms and image forms as well. 

In the problem-driven approach, the driven input is a design problem keyword used for 

retrieving problem-solving ideas to combine with the basic input idea. For example, a 

designer wants to design an umbrella that can be used in the dark, so the design problem is 

illumination. It means that the basic input idea is ‘umbrella’ and the design problem 

keyword is ‘illumination’. According to the inputs, the Combinator could retrieve problem-

solving ideas to solve ‘illumination’ issues, such as ‘LED’ and ‘lamp’, for combining with the 

basic idea ‘umbrella’. Therefore, the combinational output could be ‘LED umbrella’ or 

‘umbrella lamp’. 

In the similarity-driven approach, the driven input could be a representation of the input 

idea or the basic input idea itself, which is used for retrieving similar-representation ideas 

for combining with the basic input idea. For instance, a Combinator user would like to 

design an umbrella, which indicates that the driven input idea could be ‘umbrella’ or a 

representation ‘waterproof’. Based on the inputs, the Combinator could retrieve similar-
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representation ideas, such as ‘raincoat’ to combine with the basic input ‘umbrella’. Thus, 

the creative combinational idea could be ‘raincoat umbrella’. 

In the inspiration-driven approach, the driven input is a source of inspiration used for 

guiding the retrieval of inspirational ideas. The driven input could also be a random 

inspirational idea selected from a database. The inspirational idea could be the source of 

inspiration itself as well as the geometrical shapes, features, phenomena, as well as abstract 

texts and sketches of the source of inspiration. For example, a user wants to come up with 

an umbrella idea by using cloud as the source of inspiration. This shows that the basic input 

idea is ‘umbrella’ while the source of inspiration is ‘cloud’. The Combinator could retrieve 

inspirational ideas, such as ‘cloud’ (the source of inspiration itself), ‘cumulus’ (shape of the 

cloud), and ‘white’ (colour of the cloud), according to the driven input. The retrieved ideas 

are then used to combine with the basic input idea ‘umbrella’, and thereby producing 

combinational outputs ‘cloud umbrella’, ‘cumulus umbrella’, and ‘white umbrella’. 

ConceptNet, developed by Liu and Singh (2004) as well as Speer and Havasi (2012), could be 

used to achieve the new functions illustrated above. ConceptNet involves semantic relations 

such as ‘UsedFor’, ‘CapableOf’, ‘Anatomy’, ‘SimilarTo’ and ‘RelatedTo’ which could be used 

to benefit the implementation of the three driven approaches into the Combinator. 

However, ConceptNet contains only common-sense knowledge, which might be insufficient 

for some users, such as expert designers. Therefore, there is a strong demand for 

developing a design database involving professional design information and relations. The 

three driven approaches proposed in this study are expected to benefit the Combinator as 

well as other computational design support tool, especially idea generation tools employing 

the concept of combination.   

 

5.5. Chapter Conclusions 

Driven approaches to achieve combinational creativity for producing creative ideas for 

practical products have been studied. Based on previous studies on design process, strategy, 

and cognition, we proposed three driven approaches which are problem-, similarity- and 

inspiration-driven. A study involving two-hundred of practical creative designs has been 

conducted to evaluate the three driven approaches by means of expert evaluation. The 
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results of the study have provided an indication of the occurrence of three approaches. It 

has shown that the problem-driven approach is the dominant approach for generating 

combinational creative ideas, for the study concerned. Three driven approaches can be used 

solely as well as synthetically for generating combinational creativity. 

In conclusion, the chapter has indicated how designers are motivated to generate 

combinational creativity for producing practical designs, especially in the domain of product 

design. The three approaches proposed in this study have indicated a detailed 

understanding of how combinational creative ideas are generated. This research project 

could lead to a further understanding of how creativity is achieved in design. The problem-

driven approach, the similarity-driven approach, and the inspiration-driven approach 

proposed in this study can be used by designers as a set of creative ideation methods for 

producing creative designs. Moreover, the three driven approaches proposed in this study 

can be considered as a theoretical basis for developing and enhancing creative design 

support tools and computational idea generation tools, such as the Combinator. The 

Combinator could employ the three approaches to guide the idea combination process 

rather than combing ideas randomly, which might improve the effectiveness and usefulness 

of the tool. However, further studies involving more samples, expert evaluators, 

professional designers are planned to enhance the verification of the three approaches. To 

explore combinational creativity further, the next chapter is going to explore the conceptual 

distances between ideas for producing combinational creativity.  
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Chapter 6. Combinational Creativity – The Conceptual 

Distances between Ideas 

 

This chapter provides investigations into conceptual distances for forming combinational 

ideas. A study involving two-hundred of practical products selected from winners of 

international design competitions has been conducted to explore the conceptual distances 

between ideas in combinational creativity. The results indicate that far-related ideas are 

used more often than closely-related ones to produce creative combinational designs. 

Moreover, the results also show that far-related ideas could lead to more creative outcomes. 

The study provides new insights to aid designers in understanding the value of combinational 

creativity, and support in the production of creative combinational designs. The study could 

also be used to support the development of creative design support tools, such as the 

Combinator.  

 

 

Some of the work described in this chapter has been previously published as: 

Han J., Shi F., Park D., Chen L., Childs P. R. N., 2018. The Conceptual Distances between Ideas 

in Combinational Creativity. DS92: Proceedings of the DESIGN 2018 15th International 

Design Conference. doi: 10.21278/idc.2018.0264. (Outstanding Contribution Award). 

Copyright © Design Society 2018. Reprinted by permission of Design Society.  
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6.1. Conceptual Distance of Combinational Creativity 

The Combinator, which is a computational tool producing random combinational ideas for 

assisting users in creative idea generation for product design and development, has been 

described in Chapter 4. The tool is developed based on the imitation of aspects of human 

cognition in achieving combinational creativity. In addition, driving forces of producing 

combinational creativity in product design have been reported in the previous chapter, 

which are design problems, similar representations, and inspirational sources. In order to 

further understand combinational creativity in design and to improve the performance of 

the Combinator, there is a need to explore the relations of the ideas used for producing 

combinational creative ideas in practical designs.  

This chapter is aimed at providing insights on conceptual distances between ideas in 

combinational creativity in the context of practical product design. The comprehension of 

conceptual distances between ideas in combinational creativity could deliver positive effects 

to designers for improving creativity during idea generation at the early phases of design. 

Here, we hypothesise that a larger proportion of practical combinational creative products 

are produced from the combinations of conceptually far-related ideas (Fu et al., 2013) 

rather than conceptually closely-related ideas (Fu et al., 2013). Also, combinational designs 

produced by combining conceptually far-related ideas are more creative than the ones 

generated by closely-related ideas. The hypotheses are proposed according to studying and 

reviewing research projects on combinational creativity and conceptual distances. A 

quantitative study involving two-hundred practical products is conducted to explore the 

hypotheses through expert evaluations. Similarly to the research on three driven 

approaches, quantitative methods, such as decision table and statistical analysis, are used. 

In addition, a questionnaire-based creativity evaluation method is employed to collect 

quantitative data on creativity measurements. This could generalise the research outcomes 

across groups of products.   

Semantic distance is a measure of the degree of semantic association between the 

meanings of two units of language, in which the units of language can be words, concepts, 

phrases and sentences (Cooper, 2000, Mohammad, 2008). There exist two kinds of semantic 

distance, which are semantic similarity and semantic relatedness (Budanitsky and Hirst, 
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2006, Resnik, 1999). Semantic similarity refers to the degree of resemblance between two 

concepts, which is significant to humans in processing knowledge, classifying objects, and 

forming concepts (Tversky, 1977). Semantic relatedness indicates the degree to which two 

terms are associated via a wide range of semantic relationships (Salahli, 2009). Lofi (2015) 

claimed semantic similarity measures how alike two concepts are, while semantic 

relatedness quantifies the relatedness of objects with respect to other relations, such as 

functional, hyponymy, and associative ones. For example, ‘harness’ is semantically related 

to ‘horse’ but not similar, while ‘donkey’ is semantically similar to ‘horse’. Semantic 

similarity and relatedness are often used interchangeably in literature. These two terms are 

not identical and are often challenging to be differentiated by humans and computers 

(Salahli, 2009, Lofi, 2015). Conceptual distance is an alternative term for semantic distance, 

which is focused on the measurement of semantic similarity or relatedness between two 

concepts (Caviedes and Cimino, 2004, Mohammad, 2008). 

In design, conceptual distance is described as a function of the degree of structural similarity 

and surface similarity (Ozkan and Dogan, 2013). Structural similarity refers to relational 

similarity which is about the resemblance in the underlying systems of relations between 

the elements of two concepts, while surface similarity is attributional which refers to the 

resemblance of the objects and properties of two concepts (Vosniadou and Ortony, 1989, 

Blanchette and Dunbar, 2000, Gentner and Smith, 2012). Structural similarity shows a far 

relation between the two concepts, while surface similarity represents a close relation. 

Ward (1998) has suggested a tripartite classification according to the semantic similarity, 

alternatively the conceptual distance, between the concepts, which are ‘same conceptual 

domain’, ‘related, though non-identical domains’, and ‘wildly discrepant domains’. In this 

study, two ideas or concepts are considered as closely-related if the ideas or concepts are 

from the same conceptual domain. Two ideas are considered as far-related when the ideas 

are from non-identical domains or discrepant domains. For example, a ‘cup’ and a ‘mug’ are 

conceptually closely-related as they both belong to the same conceptual domain, while a 

‘cup’ and a ‘car’ are far-related as they belong to different domains. 

Several research projects in design have investigated conceptual distances, especially in 

design-by-analogy. Lopez et al. (2011) have suggested analogies from distant domains have 

a greater potential to produce more creative designs by more abstraction. Chan et al. (2011) 
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have presented positive effects of far-field analogy on novelty and variability of solution 

concepts. Ozkan and Dogan (2013) have shown that experts select close domain while 

novices prefer far domain, as experts considered it is easier and more efficient to retrieve 

close domain sources. They also indicated experts are more likely to establish structural 

similarity which often produces creativity, while novices are more likely to establish surface 

similarity. Fu et al. (2013) have indicated ‘close’ and ‘far’ are relative terms depending on 

the characteristics of the potential ideas. Although far analogues could lead to creative 

solutions, it could be harmful to the design process and the effectiveness of the process if 

the analogues are too far. However, Chan et al. (2015) have shown that design ideas cited 

conceptually closer sources are more creative than the ideas cited further sources. 

Combinational creativity is produced by combining ideas, and conventionally it is achieved 

by combining two nouns or concepts. In the previous chapter, how designers are motivated 

or driven to produce combinational creativity are presented. It has also indicated that a 

combinational idea is produced by combining a base idea, which is the basic idea of the 

combination, and an additive idea, which is the additional idea for forming the combination. 

The terms base and additive are also used in this study to describe the two ideas or 

concepts that produce combinational ideas. Based on the illustrations above, combinational 

ideas or designs, which are produced by conceptually closely-related base and additive 

ideas, are called as closely-related combinational designs. Similarly, far-related 

combinational designs are the ones generated by combining conceptually far-related base 

and additive ideas. It is significant to explore the distance between the base idea and the 

additive idea in practical product design, and how the distance affects the degree of 

creativity of the combinational ideas. Creativity is a crucial factor of product design and 

development (Sarkar and Chakrabarti, 2011), which is also a natural element of the design 

process (Demirkan and Afacan, 2012). Besides, designers from all areas are required to be 

creative for producing new and useful solutions (Crilly and Cardoso, 2017). This implies that 

good practical designs are creativity-oriented. Therefore, as illustrated previously, this study 

proposes that far-related ideas are used more commonly than closely-related ones to 

produce creative combinational ideas in practical designs, and far-related ideas could lead 

to more creative outcomes than closely-related ones. The next section presents a study to 

investigate conceptual distances of combination creativity in practical designs. The results of 
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the study could potentially support designers to select better additive ideas for producing 

creative combinational ideas. 

 

6.2. A Study Exploring the Conceptual Distances 

A study has been conducted to explore the conceptual distance hypotheses of 

combinational creativity in practical product design by employing expert evaluation. Two-

hundred combinational creativity originated designs were selected from the winners of top 

international design competitions as samples for evaluations by means of purposive 

sampling. International design competitions encourage creative designs (Wang and Chan, 

2010), and uses novelty and usefulness as the top assessment criteria. Chapter 5 has 

demonstrated that the combinational design samples selected are considered as creative 

combinational ideas which are useful and valuable.  

Expert evaluation is employed in this study to identify conceptual distances and assess 

creativity of the combinational designs. As illustrated in the previous chapter, evaluating a 

design often requires experts to identify evaluation criteria and make decisions based on 

qualitative descriptions and subjective judgements. Expert evaluation is thereby a 

preferable method to analyse practical designs and to assess products’ creativity. However, 

the evaluation results could potentially be altered based on the different experience and 

background of evaluators. 

 

6.2.1. Conceptual Distance in Practical Designs 

An evaluation is performed to assess whether designers prefer to use far-related ideas or 

closely-related ideas for producing combinational creativity. Three experts, two design 

engineers and one designer with years of experience, participated in this evaluation 

voluntarily to identify whether a combinational design is produced by combining 

conceptually far-related ideas or closely-related ideas. The two design engineers were 

identified as Evaluator 1 and 2, while the designer was called Evaluator 3. The number of 

experts involved is acceptable in this study, as the number of expert evaluators are far less 

required than general ones as illustrated in the previous chapter. A decision table including 
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the two-hundred combinational design samples was constructed for evaluating the 

distances of the designs, as shown in Figure 6.1. The table involves base ideas and additive 

ideas, which were decomposed based on specific information of the designs previously, of 

the select design samples. It also includes names and images of the designs, which were 

used as extra information for helping the evaluators understand the base and additive ideas. 

Based mainly on the base and additive ideas of the designs, the three evaluators assessed 

respectively whether the base ideas and additive ideas of each design are conceptually far-

related or closely-related, according to the evaluators’ knowledge and experience. For 

example, an evaluator suggested that a ‘pen’ and a ‘ruler’ are closely-related, as ‘pen’ and 

‘ruler’ are both from the same conceptual domain ‘stationery’; while the evaluator 

considered a ‘parasol’ and a ‘LED’ are far-related, as ‘parasol’ and ‘LED’ are from different 

domains. In addition, the experts were required to indicate if a base idea and an additive 

idea is neither closely-related nor far-related. 

 

 

Figure 6.1. An example of a decision table used in this study 
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The evaluation results of the study are presented in Table 6.1. Evaluator 1 indicated 148 

products out of 200 were far-related combinational designs, and 52 were closely-related 

designs. Evaluator 2 suggested 66 closely-related combinational designs and 133 far-related 

designs. Evaluator 3 identified 49 and 151 products were closely-related designs and far-

related designs, respectively. 

 

Table 6.1. Evaluation results – Number of closely-related and far-related combinational designs 

 Evaluator 1 Evaluator 2 Evaluator 3 

Closely-related Designs 52 66 49 

Far-related Designs 148 134 151 

Others 0 0 0 

 

A Kappa test was conducted to assess the inter-rater agreement of the evaluation in this 

study to explore the reliability of the results. Cohen’s Kappa coefficient usually measures the 

agreement between two judges. For more than two judges, the mean Kappa coefficient 

value of all rater pairs is used to measure the overall inter-rater agreement of a category 

(Light, 1971). As shown in Table 6.2, the mean Kappa coefficient is 0.695 which has 

suggested a good agreement among the evaluators. This has indicated the robustness and 

reliability of the evaluation results. 

 

Table 6.2. Kappa test results 

(Kappa values and strength of agreements: .00-.20: Poor, .21-.40: Fair, .41-.60: Moderate, .61-.80: Good, .81-1.00: Very Good) 

Rater Pairs Kappa Value 

Evaluator 1 - Evaluator 2 .689 

Evaluator 1 - Evaluator 3 .748 

Evaluator 2 - Evaluator 3 .649 

Mean Kappa Coefficient .695 

Strength of Agreement Good 
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According to the evaluation results and the Kappa test, far-related ideas are used more 

commonly and frequently than closely-related ideas to produce creative combinational 

ideas or products, for the study concerned. Although far-related combinational designs are 

more common than closely-related ones in design competitions, the creativity level of far-

related combinational designs could be lower than closely-related ones. Therefore, the 

creativity levels of far-related and closely-related designs need to be assessed to further 

explore the conceptual distances in combinational creativity. 

 

6.2.2. Creativity of Far-related and Closely-related Combinational Designs 

In addition to the evaluation above, we have conducted another evaluation to assess the 

creativity levels of products from far-related and closely-related combinational designs.  

Metrics are often used to evaluate creativity of designs as well as concepts. For instance, 

Shah et al. (2003) proposed to use quantity, novelty, quality, and variety to measure 

creativity as well as the effectiveness of an ideation method. Plucker and Makel (2010) used 

fluency, originality, flexibility, and elaboration as the measurement metric. Sarkar and 

Chakrabarti (2011) employed novelty and usefulness to evaluate creativity. O'Quin and 

Besemer (1989) have proposed a revision of the Creative Product Semantic Scale (CPSS) to 

assess creativity by using the terms novelty and resolution (also known as utility or 

usefulness).  

In this study, we used the questionnaire based on CPSS, which was created by Chulvi et al. 

(2012), for the creativity evaluation. The Creative Product Semantic Scale (CPSS) metric has 

been validated for several times (Chulvi et al., 2012). The CPSS questionnaire uses novelty 

and utility to describe creativity. The questionnaire is a seven-point scale table involving 

eighteen bipolar pairs of items referring novelty and utility, as shown in Figure 6.2. In the 

questionnaire, novelty items and utility items are mixed and some are reversed to avoid 

evaluators’ inertia. 
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Figure 6.2. The questionnaire based on CPSS for evaluating the creativity of selected designs 

(Adapted from (Chulvi et al., 2012)) 

 

Five designs from each, far-related and closely-related combinational designs, were 

randomly selected to investigate which distance of combination could lead to more creative 

results. The ten designs selected have achieved consensuses among the three evaluators, 

which were agreed as either far-related combinational design or closely-related 

combinational design. Two design experts having more than four years of experience 

participated in this creativity evaluation voluntarily, which were identified as Expert 1 and 2 

to distinguish from the previous conceptual distance evaluation. The two evaluators were 

provided with the ten designs in a random order printed on paper including the designs’ 

names, images, and text descriptions. The two evaluators were not provided with other 

information, and conducted the evaluation respectively to verify the robustness of the 

scores. The evaluators employed the CPSS questionnaire for the creativity evaluation by 

choosing between the bipolar pairs of the items in a seven-point scale. The creativity score 

of a design was the sum of the scores of all the individual items. 

The creativity evaluation results by the two design experts are shown in Table 6.3. Expert 1 

has indicated that the creativity scores of all the five far-related combinational designs are 
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higher than the five closely-related ones. Expert 2 has indicated all the five far-related 

designs are more creative than the closely-related ones, but except Design 9. Mean 

creativity scores of closely-related and far-related combinational designs were calculated 

respectively to provide an overall comparison, as shown in Table 6.4. In the table, SD is the 

abbreviation of standard deviation. In addition, the effect sizes, also known as Cohen’s d, 

were also calculated to measure the strength of the difference between the mean scores of 

closely-related and far-related combinational designs. According to Expert 1, the five far-

related combinational designs have achieved a mean creativity score of 95.8 which is 22.2 

higher than that of the five closely-related ones (73.6). This has suggested a Cohen’s d value 

of 2.87 which has shown a large difference between the two mean scores. In terms of 

Expert 2, the five closely-related designs have scored 80.0, while the five far-related designs 

have achieved 98.6 which is 18.6 higher. The Cohen’s d value of the two mean creativity 

scores assessed by Expert 2 was 1.22 which has also indicated a large effect size or a large 

difference. Therefore, the creativity evaluation results have shown that combinational 

designs produced by combining conceptually far-related ideas are generally more creative 

than the ones generated by using conceptually closely-related ideas, concerning the 

selected combinational designs in this study. 

 

Table 6.3. Creativity evaluation results by using the CPSS questionnaire 

Design Number Closely- or Far-related 
Expert 1 – 

Creativity Score 

Expert 2 – 

Creativity Score 

1 Close 84 90 

2 Far 100 119 

3 Close 68 91 

4 Close 60 77 

5 Far 89 93 

6 Close 81 74 

7 Far 99 108 

8 Close 75 68 

9 Far 92 69 

10 Far 99 104 
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Table 6.4. Mean creativity values of closely-related and far-related combinational designs & effect 

sizes (Cohen’s d) 

(Cohen’s d values and strength: .20: Small, .50: Moderate, .80: Large) 

 Expert 1 (SD) Expert 2 (SD) 

Closely-related Designs 73.6 (8.73) 80.0 (10.12) 

Far-related Designs 95.8 (4.45) 98.6 (18.98) 

Effect Size (Cohen’s d) 2.87 - Large 1.22 - Large 

 

 

6.3. Discussion 

A study including two separate evaluations was conducted to investigate closely and far-

related ideas in terms of producing combination designs. The first evaluation assesses which 

distance, closely- or far-related, between the base and additive ideas is generally used in 

producing practical combinational designs. The results have shown that the majority of the 

selected combinational designs are produced by combining far-related ideas rather than 

closely-related ideas, albeit with a limited number of combination design samples. Although 

the number of evaluators is limited, the Kappa test has shown a good inter-rater agreement 

among the evaluators indicating the evaluation results are robust and reliable. The second 

evaluation assesses the degree of creativity of far-related and closely-related combinational 

designs by using a CPSS questionnaire. The results indicate that far-related ideas could lead 

to more creative outcomes concerning the randomly selected designs, which is in line with 

the study by Lopez et al. (2011) in design-by-analogy. The effect sizes, or Cohen’s d values, 

suggests there are large differences in the degree of creativity between closely-related and 

far-related combinational designs with regards to the two experts. This indicates far-related 

combinational designs are ‘largely’ more creative than closely-related designs, for the 

designs concerned. Therefore, the study conducted has justified the two hypotheses 

proposed in this study. However, using international design award-winning products or 

designs as samples might have limitations, as award winners are arguably more creative 

than conventional designs on the market. The samples, which are relatively more creative 

than conventional ones, in the study cannot represent general product design. Therefore, 

the study conducted shows how conceptually closely-related and far-related ideas are 
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employed in practical combinational designs, as well as how the conceptual distance affects 

the degree of combinational creativity in a relatively more creative context.  

 

6.4. Conceptual Distances and the Combinator 

The study presented in this chapter has shown that conceptually far-related ideas are more 

beneficial than conceptually closely-related ideas for producing combinational ideas, and 

ultimately leading to creative combinational products. This study could be applied in the 

Combinator for guiding the idea retrieval process. The Combinator could be programmed to 

possess a higher possibility of retrieving ideas which are far-related to the input idea rather 

than closely-related ones. 

In the random combination manner as shown in Chapter 4, the Combinator could utilise 

computational semantic distance measurement tools, such as SEMILAR (a semantic 

similarity toolkit) (Rus et al., 2013), WS4J (WordNet Similarity for Java), WordNet::Similarity 

(Pedersen et al., 2004), and ConceptNet (Liu and Singh, 2004, Speer and Havasi, 2012), to 

identify the conceptual distance between a retrieved idea and a input idea. Far-related ideas 

could be retrieved more often than closely-related ideas for producing more creative 

combinational outcomes. For instance, conceptually far-related ideas such as ‘satchel’ and 

‘bike’ are retrieved more often than closely-related ideas such as ‘raincoat’ for producing 

combinational ideas, while the input idea is ‘umbrella’.   

In the driven combination mode as presented in Chapter 5, the Combinator could use 

computational semantic distance measurement tools to direct the process of retrieving 

ideas (the additives) that are far-related to driven inputs. By using the problem-driven 

approach, far-related problem-solving ideas are preferred. For instance, ‘glowworm’ is a far-

related idea for solving ‘illumination’ problems, while ‘bulb’ is a closely-related problem-

solving idea. By using the similarity-driven approach, far-related similar ideas, alternatively 

structural similar ideas, are more beneficial than closely-related ones. For instance, ‘tree 

branch’ is a far-related similar or structural similar idea to ‘chopstick’, while ‘spoon’ is a 

closely-related similar (surface similar) idea. By using the inspiration-driven approach, far-

related inspirational ideas are preferred than closely-related ones. For example, ‘ink’ is a far-
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related inspirational idea to ‘cuttlefish’, while the figure of ‘cuttlefish’ is a closely-related 

inspirational idea.  

Further research is needed to explore the ‘definition’ of conceptually far-related and closely-

related ideas in computational applications. The machine-understandable definition of 

conceptual distances could be applied in the Combinator for guiding the retrieval of far-

related ideas for producing far-related oriented combinational ideas. According to the 

conducted study, the produced far-related combinational ideas could theoretically lead to 

more creative outcomes. Therefore, the study described in this chapter could deliver 

significant contributions to the Combinator, as well as other computational tools that 

employ the concept of ‘combination’, such as the combination of scenes (Georgiev et al., 

2017). However, far-related combinational ideas might cause potential difficulties in 

comprehension, especially to novice designers. It is much easier for novices to understand a 

closely-related combinational idea than a far-related one, as they are more likely to 

establish surface similarities between ideas (Ozkan and Dogan, 2013). 

 

6.5. Chapter Conclusions 

This chapter has explored conceptual distances between base ideas and additive ideas for 

generating combinational creativity, especially in the domain of product design. The study 

indicates far-related ideas are used more often in practical combinational designs, as well as 

could lead to more creative outcomes comparing with closely-related ideas, for the study 

concerned. The study has provided better comprehension of how combinational creativity is 

achieved in design. Understanding conceptual distances between base and additive ideas 

could support designers identifying appropriate ideas for generating creative combinational 

concepts at early design phases. The outcomes of the study could benefit the Combinator, 

as well as other combination-oriented computational tools. A further study involving more 

evaluators and more samples is planned to provide additional insight. Additionally, 

computational tools will be used to measure the conceptual distances between base ideas 

and additive ideas, as well as to provide a comparison with the results assessed by experts. 
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Chapter 7. Analogy and Ontology – The Retriever 

 

This chapter investigates the construction of ontologies for supporting reasoning to assist 

creative idea generation and presents a computational tool ‘the Retriever’ based on 

ontology by embracing aspects of analogical reasoning for assisting designers in creative 

ideation. The chapter first reviews studies in analogy and ontology, as well as other related 

research projects. Subsequently, the chapter illustrates the concept and the development 

process of the Retriever. The tool is aimed at solving proportional analogy problems 

(A:B::C:X) for helping designers to construct ontologies, in order to prompt idea generation. 

Through conducting a case study, the tool has been indicated to be effective and useful for 

idea generation. The results indicate that the Retriever could significantly improve the 

fluency and flexibility of idea generation and the usefulness of ideas, as well as moderately 

increase the originality of ideas, for the case study concerned. 

 

Some of the work described in this chapter has been previously published as: 

Han J., Shi F., Chen L., Childs P. R. N., 2018. A computational tool for creative idea 

generation based on analogical reasoning and ontology. Artificial Intelligence for 

Engineering Design, Analysis and Manufacturing, 32(4), 462-477. doi:10.1017/ 

S0890060418000082. Copyright © Cambridge University Press 2018. Reprinted by 

permission of Cambridge University Press. 

Han J., Shi F., Chen L., Childs P. R. N., 2017. The Analogy Retriever - An idea generation tool. 

DS 87: Proceedings of the 21st International Conference on Engineering Design (ICED17), 

Vol. 4. P11-p20. Copyright © Design Society 2017. Reprinted by permission of Design Society. 
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7.1. Analogy 

Analogy is considered as a special form of combinational creativity (see Chapter 4) exploring 

shared conceptual space (Boden, 2009). It is known as the ability to perceive and use 

relational similarity across different contexts, which is widely regarded as a fundamental 

component of creativity in science and art (Goel, 1997, Boden, 2004, Ward, 2011, Ozkan and 

Dogan, 2013, Licato et al., 2015, Gentner and Smith, 2013). Analogy is regarded as a 

fundamental cognitive process that underlies most other cognitive processes (Ozkan and 

Dogan, 2013), such as learning (Richland and Simms, 2015), predicting and reasoning (Bar, 

2007, Ward, 2011), problem solving (Ozkan and Dogan, 2013), scientific discovery (Gentner 

and Smith, 2013), and creativity (Boden, 2009, Goel, 1997, Ward and Kolomyts, 2010). 

Analogy, also known as analogical reasoning, is a core process of human cognition 

frequently used to produce inferences and generate new ideas (Gentner and Smith, 2013). It 

is described as retrieving an idea sharing a noted subset of constituent aspects of another 

decomposed idea (Liu and Singh, 2004), and applying or projecting structured knowledge 

from a familiar domain to a less familiar one (Ward and Kolomyts, 2010). It has been 

suggested that analogy is the cognitive mechanism that most distinguishes humans from 

other species (Gentner and Smith, 2012). Studying and producing analogies can improve the 

abilities of reasoning and critical thinking, as well as develop the comprehension of 

vocabulary and concept (Nessel and Graham, 2007).  

Analogical reasoning generates inferences and learning about new domains by using 

previous knowledge and experience (Daugherty and Mentzer, 2008). To be more precise, 

analogy applies the knowledge from a well-known domain (the source domain) to another 

less-known domain (the target domain) (Blanchette and Dunbar, 2000, Ward, 2011). In 

other words, it transfers knowledge from a familiar situation to a less-familiar situation that 

requires explanation (Casakin and Goldschmidt, 1999). Analogical reasoning could also 

process from unfamiliar to familiar. For example, exploring a new (unfamiliar) problem 

through identifying or recognising similarities from a known (familiar) problem (Kim and 

Choi, 2003). 

Analogy can be considered as using a known subject to understand or draw inferences 

about an unknown one, that is, comprehending Y by noting that Y is similar to Z in some 
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aspects (Ward, 2011, Gentner and Smith, 2012). The conventional form of analogy is 

generally described in a likeness relation of A:B::C:D, which indicates that C is related to D in 

the target domain as how A is related to B in the source domain (Casakin and Goldschmidt, 

1999, Ward, 2011). This form of analogy is known as proportional analogy (Gust et al., 

2008). It transforms into A:B::C:X when solving problems, in which terms A, B, and C are 

generally known and the term X is unknown requiring to be established. For instance, 

‘Lungs : Humans :: Gills : X’ can be interpreted as ‘Gills’ are related to the unknown term X 

similar to how ‘Lungs’ are related to ‘Humans’. The unknown term X can be inferred 

according to the provided information. 

In analogy, especially proportional analogy, the specific relation between the terms in the 

source domain plays a vital role (Ward, 2011). Analogy relations are abstracted from A:Bs to 

instruct the retrieval of an unknown analogue X based on a given term C in the target 

domain, as shown in Figure 7.1. In the previous example, ‘Lungs : Humans’ in the source 

domain indicates the analogy relationship is ‘used for’ breathing, as ‘Lungs’ are used for 

breathing by ‘Humans’. Thus, based on the analogy relation and the known term ‘Gills’ in 

the target domain, term X can be inferred as ‘Fish’. That is ‘Gills’ are used for breathing by 

‘Fish’ similar to ‘Lungs’ are used for breathing by ‘Humans’. This example of analogy is used 

to understand the function of ‘Gills’. Other examples of proportional analogy involves 

‘Defending Soldiers : Invading Army :: White Blood Cells : Germs’ and ‘Planets : Sun :: 

Electrons : Nucleus’, which are often used in medical science to explain the purpose of 

‘White Blood Cells’ and in chemistry to describe the structure of an ‘Atom’, respectively. 

 

 

Figure 7.1. Proportional analogy in problem-solving 
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Analogy relations are significant for producing inferences for generating ideas and 

understanding less familiar domains while using proportional analogy. In human cognition, 

analogy relations, which are generally abstracted from source domains, are stored as rules 

or principles for solving future problems without the requirement of source analogues 

(Gentner and Forbus, 2011, Lopez et al., 2011, Linsey et al., 2012). In design, identifying an 

analogy relationship from previous knowledge can produce inferences about the design 

context. It is beneficial for creative idea space exploration and the design space expansion, 

which enhances context comprehension and idea elaboration. 

A series of research projects have been conducted by psychologists and researchers 

studying analogy to explore the cognitive process of analogy. Several selected analogy 

processes are reviewed and presented in Table 7.1. According to the processes proposed by 

Kokinov and French (2003), Gust et al. (2008), Gentner and Forbus (2011), Lopez et al. 

(2011), Linsey et al. (2012), Gentner and Smith (2012, 2013), analogy generally includes 

three core processes, which are retrieval, mapping and knowledge transfer, and abstraction. 

However, human analogy processes depend on how a problem is presented (Moreno et al., 

2014). Retrieval involves exploring potential analogues according to the known term and 

analogy relation. Mapping and knowledge transfer includes aligning the ideas of the source 

domain and the target domain, and transferring knowledge from the source to the target 

domain. Abstraction generates schema or rules, also known as analogy relations, from 

results to apply in future situations without requiring source analogues. Generally, the 

analogy relations are abstracted from A:Bs in the source domain. In addition, concept re-

representation is also a vital cognitive process in analogy, as well as in learning and scientific 

discovery (Yan et al., 2003). It increases the number of cues for analogue retrieval in analogy 

problem-solving, which enhances the exploration of the design space (Moreno et al., 2016). 

Thus, re-representing an idea with a similar idea before the retrieval process is 

indispensable for improving creativity. The cognitive process of analogy proposed in this 

study is illustrated schematically in Figure 7.2. 
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Table 7.1. Review of analogy process proposed by different researchers 

Analogy Process Reference 

1. Representation-building. 

2. Analogy base retrieval. 

3. Mapping base to target. 

4. Transferring knowledge from the base to the target thereby producing 

inferences. 

5. Evaluating the inferences. 

6. Learning from the experience. 

Kokinov and 

French 

(2003) 

 

1. Retrieval: After a source domain is identified according to the input situation, 

items that seem to be candidate for analogy are retrieved from the memory. 

2. Mapping: Establishing the analogical relation between source and target 

domain. 

3. Transfer: Knowledge are translated between the two domains through the 

analogical relationship. 

Gust et al. 

(2008) 

1. Retrieval: Finding an analogue that is similar to a given situation. 

2. Mapping: Aligning two given situations structurally to produce a set of 

correspondences indicating ‘what goes with what’. Projecting analogy 

inferences from the source to the target according to the alignment. 

Evaluating how well the base and target align in a numerical measure. 

3. Abstraction: Generating a schema or rule-like structure according to the 

results of comparison. 

4. Representation: Alerting one or both analogues of given partial match to 

improve the match. 

Gentner and 

Forbus 

(2011) 

1. Encoding of the source and target analogues: To identify the abstract 

principles of determining potential similarity through characterising the 

source and target analogue. 

2. Retrieval of appropriate source analogue for target: To select the relevant 

base analogue for the given target. 

3. Mapping of base to target: To transfer information from the source to the 

target. 

4. Guideline induction: To develop abstract rules or solution principles to apply 

in future problems, without the requirement a source analogue. 

Lopez et al. 

(2011), 

Linsey et al. 

(2012) 

1. Retrieval: To remind a prior analogous situation in long-term memory while 

given some current topic in short-term memory. 

2. Mapping: To align the representations of two given situations in short-term 

memory and project inferences from one analogue to another. 

3. Evaluation: To judge the analogy and its inferences while an analogy mapping 

has been achieved. 

Gentner and 

Smith (2012, 

2013) 
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Figure 7.2. Cognitive process of analogy 

 

In design, analogy has been considered as a beneficial method for idea generation (Wilson 

et al., 2010, Linsey et al., 2012), as it can enhance design space exploration and expansion 

by transferring knowledge from a source domain containing the analogue phenomena to a 

target domain involving the problem. It is significant in terms of delivering creative ideas 

and understanding ideas. In recent years, a number of studies have explored the use of 

analogies to support design activities, which has led analogy into a further depth. For 

example, Ball and Christensen (2009) indicated that analogy is a strategy deployed to 

resolve uncertainties in design. Wilson et al. (2010) investigated the impact of biological 

examples, which are considered as surface dissimilar analogies, in ideation at early design 

phases. Linsey et al. (2012) proposed the WordTree design-by-analogy method for 

identifying far domain analogies to support idea generation. Verhaegen et al. (2011) 

explored the use of automatically distilled product characteristics for identifying candidate 
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products for analogical design. Moreno et al. (2014) explored using analogy in idea 

generation for transactional problems. 

Transferring information from a source domain to a target domain is a vital process in 

analogical reasoning. The conceptual distance between the source and target domain is 

closely related to the outcome of analogy. Chan et al. (2011) shown that far-field and less 

common examples could lead to more novel results in analogical design. Similarly, 

Christensen and Schunn (2007) and Goldschmidt (2011) indicated far-domain sources could 

lead to better results than near-domain sources. However, Chan et al. (2015) have found 

that conceptually closer sources of inspiration rather than further ones lead to more 

creative ideas. However, Fu et al. (2013b) indicated that ‘near’ and ‘far’ are relative terms in 

analogy depending on the features of the stimuli. They also illustrated that although ‘far’ 

analogical stimuli could lead to novel results, the stimuli, which are too distant, have 

negative effects on idea generation. Analogy has been applied in numerous designs, for 

instance, the cyclone technology used by Dyson vacuum cleaners can be regarded as an 

analogical reasoning of an industrial cyclone for removing particulates in factory production 

processes. 

Developing computational methods or tools for supporting analogical design has been a 

popular topic for years. Evans (1964) developed the earliest symbolic computational model 

of analogy reasoning, named ANALOGY, for solving geometric-analogy problems. 

Falkenhainer et al. (1989) introduced the Structure-mapping engine simulating the analogy 

and similarity comparisons according to structure-mapping theory (Gentner, 1983). Qian 

and Gero (1992) proposed a computational knowledge-based model to support design using 

between-domain analogy. Bhatta and Goel (1996) described a computational method for 

supporting analogical design by employing structure-behaviour-function models of designs. 

Goel et al. (1997) developed a design system, named Kritik, employing case-based and 

model-based reasoning for producing conceptual designs, and using structure-behaviour-

function models for guiding design adaptions. The use of databases to support analogical 

design has also been explored. Chakrabarti et al. (1998) have shown that hierarchically 

organised text databases could aid better searching, browsing, and filtering. Fu et al. (2013a) 

have presented a methodology for discovering structural forms in design repository 

databases, which is based on latent semantic analysis processing as well as Kemp and 
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Tenenbaum’s Bayesian model. This methodology has proven to generate diverse structures 

of data in terms of functional and surface relations, ultimately leading to the potential 

production of useful stimuli in design-by-analogy. In recent years, several sophisticated 

computational analogical design support tools have been developed. For instance, DANE 

(Design by Analogy to Nature Engine) developed by Vattam et al. (2011), provides a library 

containing structure-behaviour-function models of biological and engineering systems. Idea 

Inspire 3.0 developed by Chakrabarti et al. (2017), retrieves systems from biological domains 

for solving a given problem to support ideation. McCaffrey and Spector (2017) have shown a 

software named Analogy Finder that can perform searches to explore analogous solutions, 

which are beyond a person’s areas of expertise, to a problem. The software rephrases the 

goal by using synonyms and verbs, leading to diverse areas for exploration. Possible patents 

from other fields are then retrieved by the Analogy Finder for solving the original problem.  

 

7.2. Ontology 

An ontology is described as a taxonomically or axiomatically based explicit formal 

specification of a shared conceptualisation (Gruber, 1993); a structured conceptualisation of 

a domain involving a set of entities and their relationships in that domain (Lin et al., 1996, 

Gero and Kannengiesser, 2007, Raad and Evermann, 2015); a metadata schema providing a 

controlled vocabulary of concepts with explicitly defined and machine-understandable 

semantics (Maedche and Staab, 2001); a highly structured system of concepts involving the 

objects, processes, attributes of a  particular domain as well as their corresponding 

relationships (Li et al., 2008). It provides uniform frameworks to identify differences and 

similarities among obscured concepts (Gero and Kannengiesser, 2007). Ontologies are 

necessary for representing knowledge as well as exchanging knowledge (Obitko et al., 

2004).   

An ontology can be constructed around an individual taxonomy or several taxonomies and 

their relationships (Gilchrist, 2003). The aim of an ontology is to capture consensual data, 

knowledge, and information in a formal approach for reusing and sharing among different 

people and applications (Štorga et al., 2010). Ontologies have been widely applied in various 

areas, such as knowledge and information management, semantic webs, and natural 
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language processing. Ontologies are often used to support design activities, for example 

design knowledge representation (Gero and Kannengiesser, 2007, 2014, Cross and Bathija, 

2009), design activity description (Sim and Duffy, 2003), functional knowledge 

systematisation (Kitamura and Mizoguchi, 2004), product family development (Nanda et al., 

2005), and design information extraction and retrieval (Li and Ramani, 2007). This has 

indicated potential of enhancing, design, especially design creativity, by combining aspects 

of analogy and ontology. 

An ontology captures the structure of a domain and describes the domain. It is not only 

determined by the nature of each relevant kind in the domain, but rather by the semantic 

roles it plays (Štorga et al., 2010). Ontologies are usually captured in some form of semantic 

net (Chandrasegaran et al., 2013). A semantic net is an artificial graph-structured associative 

network with nodes representing concepts or knowledge and arcs describing relationships 

among the concepts (Sowa, 1992, Chandrasegaran et al., 2013). The nodes and arcs in 

semantic nets are used to create an ontology of a domain and express the relations in the 

domain. By this, an ontology is useful for human as well as processable for computational 

machines.  

An ontology can be used as a tool for explaining the semantics of a terminology system in a 

well-defined situation, due to its shared vocabularies for describing the concepts and 

relations (Guarino, 1998, Lee et al., 2009). Ontology relations provide logical associations or 

dependencies between concepts in an ontology (Gulla and Brasethvik, 2008). Gulla et al. 

(2009) indicated that the concepts in an ontology may be taxonomically related by transitive 

relations such as ‘is a’ as well as non-taxonomically associated by a user named relation for 

instance ‘has part’. Chang-Shing et al. (2005) claimed that there are three kinds of ontology 

relationships, which are generalisation such as ‘is kind of’, aggregation such as ‘is part of’, 

and association such as ‘class’. Product ontologies are commonly used for semantic 

interoperability of product information in the design chain (Lee et al., 2009). The 

relationships involved in a product ontology, such as ‘parts’ and ‘features’, play an essential 

role in the ontology construction (Lin et al., 1996, Lee et al., 2009).   

In the design domain, ontologies are used to formalise domain knowledge in a way which 

makes it accessible, sharable and reusable (Darlington and Culley, 2008). Ontologies allow 

designers to construct and present a particular domain with regard to taxonomic structures 
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and axiomatic definitions (Chandrasegaran et al., 2013). Li and Ramani (2007) proposed a 

method for design information retrieval by using natural language processing and design 

ontology. Darlington and Culley (2008) showed how ontologies support the capture of the 

engineering design requirement. Nanda et al. (2005) and Liu et al. (2013) used ontology for 

product family design. Chandrasegaran et al. (2013) indicated that ontologies are required 

for encoding design knowledge as well as facilitating semantic interoperability. Shi and 

Setchi (2013) indicated that ontologies can benefit query expansion by improving the query 

representation on conceptual. In addition, a number of ontologies have been developed or 

applied for supporting design, for instance, Gero and Kannengiesser (2007, 2014) developed 

a Function-Behaviour-Structure (FBS) ontology to represent objects and processes in 

engineering design. Ahmed and Štorga (2009) proposed a merged ontology, which could be 

customised for specific contexts by researchers and practitioners, for engineering design. 

Hatchuel et al. (2013) derived an ‘ontology of design’ from C-K theory and Forcing. The 

‘ontology of design’ is formed of a series of common notions between C-K theory and 

Forcing, such as ‘d-ontologies’, ‘object revision’, ‘generic expansion’, ‘K-recording’ and 

‘preservation of meaning’. Gero and Kannengiesser (2014) came up with a Function-

Behaviour-Structure (FBS) ontology of design. The FBS ontology describes design activities 

as transformations between the reasoning of function, behaviour and structure of a 

product. 

 

7.3. Analogy and Ontology 

A limited number of research projects have investigated the use of analogy in ontologies. 

For instance, Forbus et al. (2002) have proposed an analogy ontology, which is based on 

Gentner’s structure-mapping theory for analogy (Gentner, 1983), for creating a human-like 

flexible reasoning system by representing key entities and relationships in analogical 

processing. Raad and Evermann (2015) illustrated that analogical reasoning can assist in 

solving the problem of ontology alignment, which is used for establishing correspondences 

between concepts of different ontologies, by providing a good source of algorithms and 

heuristics.  
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Analogy and ontology are both used in design activities to support design creativity, but 

they are different in several aspects. Analogical reasoning applies knowledge from a familiar 

domain to a less-familiar domain that requires explanation, while ontologies are explicit 

formal representations of concepts and corresponding relations of a particular knowledge 

domain. That is, analogy is a reasoning process, while ontology is a structured system for 

representing knowledge. An analogical stimulus helps to apply the knowledge from a well-

known domain to a less-known domain. For instance, ‘velcro’ was invented from the 

analogical stimulus ‘burrs’. An ontological stimulus assists the understanding of knowledge 

in a particular domain. For example, an ontological stimulus of ‘burrs’, which involves 

relevant knowledge in the domain, could facilitate the comprehension the properties, 

functions, characteristics of ‘burrs’. However, relationship performs the function of a 

common bridge between analogy and ontology. In analogy, especially proportional analogy, 

relations are significant for generating inferences about a less-familiar domain. In 

ontologies, relations are used for constructing an ontology and providing logical associations 

or dependencies between concepts. 

Therefore, there is potential for improving design creativity by applying aspects of analogy 

in ontology. Designers often use ontologies to demonstrate a particular product to help 

their understanding. However, it is challenging to construct a well-defined ontology, 

especially confronting those less-familiar ones. This is due to problems such as an unfamiliar 

subject and lack of relevant knowledge. Mechanisms for reasoning, particularly from 

ontologies, are significant to idea generation, for instance the foundational work on 

structure mapping conducted by Gentner, Forbus, and Falkenhainer (1983, 1989, 2011). This 

study indicates the construction of ontologies with sufficient richness and coverage to 

support reasoning over real-world datasets. This leverages human reasoning from 

ontologies, and thereby provokes creative idea generation. For example, as shown in Figure 

7.3, an ontology of ‘Future Vehicle’ is constructed through reasoning from an ontology of 

‘Spacecraft’, which could stimulate the generation of creative ideas about new means of 

transportation. However, it is necessary to have a knowledge database containing relations 

and concepts to achieve this type of analogical reasoning for ontologies.  
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Figure 7.3. Using analogical reasoning to construct a new ontology 

 

7.4. The Retriever 

Through investigating the construction of ontologies for supporting reasoning to assist 

creative idea generation. This chapter presents a computational tool, called the Retriever, 

developed based on ontology by embracing aspects of analogical reasoning. The tool is 

aimed to support novice designers and experienced designers in creative idea generation 

and potentially in idea elaboration.  

7.4.1. The Essential Concept of the Retriever 

The Retriever is a computational tool for assisting novice designers as well as experienced 

designers. The tool is based on the cognitive process of analogical reasoning by involving 

ontologies which are both considered as essential elements to design creativity. The 

Retriever is designed to help designers construct ontologies to support reasoning for 

creative idea generation through solving proportional analogy problems in the form of 

A:B::C:X. To be more specific, the tool constructs an ontology or part of an ontology by 

retrieving an unknown X or Xs based on a known term C in a less-familiar ontology (target 

ontology) with an ontology relation abstracted from A:B from a familiar ontology (base 

ontology). It can retrieve concepts or ideas in both text and visual forms according to the 
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input, and thereby provoke the user in creative idea generation. The following sections 

demonstrate the essential concept of the Retriever as well as an example of using the tool. 

ConceptNet is a knowledge base providing a large semantic net that represents general 

human knowledge associated by common-sense relations (Liu and Singh, 2004, Speer and 

Havasi, 2012), which is used as the knowledge database for concept retrieval and ontology 

construction in this project. The use of ConceptNet to construct ontologies has been 

previously explored by, for example,  Agarwal and Mittal (2016), Mukherjee and Joshi 

(2013), Keshavarz and Lee (2012), and Sureka et al. (2010). ConceptNet has a closed class of 

over twenty relations used for connecting various concepts. Among them, sixteen relations, 

which are commonly used in design ontologies to express products, were summarised and 

selected, as shown in Table 7.2. Although the ConceptNet database is limited in size, 

coverage, and diversity compared with humans, it is sufficient for constructing an ontology 

for representing a design.  

Table 7.2.  The sixteen ontology relations 

Ontology Relation Description Example 

Synonym B is a synonym of A Cheerful : Happy 

Antonym B is an antonym of A Black : White 

Association A is related to B Cow : Milk 

Part-to-Whole A is a part of B Trunk : Tree 

Whole-to-Part B is a part of A Bird : Wing 

Category (Instance) A is a type of B Persian : Cat 

Function (Purpose) A is used for B Ruler : Measure 

Object and Action A can typically do B Chef : Cook 

Location A is located at B Car : Garage 

Cause and Effect A is a cause of B Earthquake : Tsunami 

Event and Subevent B is a subevent of A Swim : Dive 

Characteristic B is a property of A Cookie : Sweet 

Object and Creator A is created by B Book : Writer 

Similarity A is similar to B Hot : Fiery 

Dependence A is depended on B Cook : Ingredient 

Symbol A is a symbol of B Dove : Peace 
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The essential concept, which is a simulation of aspects of the cognitive process of analogical 

reasoning, used for developing the Retriever is shown in Figure 7.4. This type of cognition 

simulation approach has been applied in developing the Combinator and has achieved a 

positive result, as described in Chapter 4. Human short-term memory, also known as 

working memory, is used for manipulating and processing information (Baddeley et al., 

2009, Cowan, 2008). Miller (1956) summarised the evidence that human short-term 

memory is able to store 7±2 items, while Cowan (2008) indicated short-term memory could 

only store four items. This implies that humans could only process about four to nine items 

at one time. Therefore, we have selected a median number ‘six’ as the number of outputs of 

the Retriever, in order to help the tool users receive and process ideas effectively. The six 

outputs of the Retriever consist of a known term C provided by the user, as well as two re-

representations and three unknown Xs retrieved by the tool. The known term C is 

considered as an output of the tool as well as a user input.  

As shown in Figure 7.4, the essential concept starts with delivering the user inputs, involving 

a known term C and an ontology relation, to the Retriever. The tool then retrieves two 

related re-representations from the knowledge database (ConceptNet) according to the 

known term C for increasing retrieval cues, and thereby expanding the design space 

exploration (Moreno et al., 2016). The two re-representations are retrieved from the 

ConcepNet database through using the ‘association’ or ‘related to’ functions which provide 

the most similar concepts to the known term C. After that, on a one-to-one basis, three 

unknown terms Xs are retrieved from the knowledge database according to the known term 

C and the two re-representations through employing the selected ontology relation. To be 

more specific, through employing the same ontology relation, one unknown term X is 

produced by the known term C, while the other two Xs are produced respectively by the 

two re-representations. This process is conducted by using the ‘search’ function of the 

ConceptNet, which retrieves corresponding concepts according to a given concept and a 

given relation. 

The Retriever provides seventeen relationship selections, such as ‘Random’ (selecting an 

ontology relation randomly), ‘Association’, ‘Location’, and ‘Function (Purpose)’. The 

Retriever does not simply identify related functional terms, but retrieves related entities or 

concepts through using particular relations. It is an enrichment of the structures and 
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components space in an ontology as well as functions and behaviours, which support design 

exploration and expand the design space. The unknown term Xs with a higher degree of 

relation to the input or the re-representations are retrieved prior to low degree ones. The 

degrees here are known as the edge weights in ConceptNet, which were programmed into 

the module representing a rough heuristic of which statements are more reliable than the 

others. The re-representations and unknown term Xs are considered as the output of the 

Retriever in text forms. 

 

 

Figure 7.4. The basic concept of the Retriever 

 

Goldschmidt and Sever (2011) indicated that textual stimuli is useful in the design process, 

especially for improving idea originality. As illustrated in Chapter 4, producing results in only 

text forms might have limitations, as sometimes it is difficult for a user to retrieve 

corresponding images from long-term memory. It has been identified that the human brain 

is mainly triggered by visual perceptions, such as images and videos (Luis-Ferreira and 

Jardim-Goncalves, 2013). Images are considered as the most preferred inspiration sources 

for novice designers as well as professional designers (Gonçalves et al., 2014). Moreover, 

designers prefer to explore inspirations from images (Eckert and Stacey, 2000). Malaga 

(2000) demonstrated that using images as stimuli could produce more creative ideas than 

using texts as stimuli. Laing and Masoodian (2016) reported positive benefits of using 

images during the idea generation stage of the design process. Besides, the use of 
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corresponding images of the text-form results to provoke users in creative idea generation 

was explored in the Combinator project, and had achieved very positive outcomes. We have 

therefore applied the live feed image crawler in the Retriever module. Corresponding 

images of the retrieved re-representations and unknown term Xs are crawled 

simultaneously according to the text forms. The crawled images are presented in a mood 

board style as the output, as shown in Figure 7.5(b). A mood board is a collection of images 

used in the early phases of design for improving creativity and aiding communications 

(McDonagh and Storer, 2004, Setchi and Bouchard, 2010). 

 

7.4.2. Example of Using the Retriever 

As shown in Figure 7.5, the Retriever provides a simple and friendly user interface. The tool 

allows users to input their design keyword which is considered as the known term C, and 

select ontology relationships which are regarded as abstracted relations from A:Bs in 

familiar ontologies. The tool produces two re-representations of the known term C, as well 

as three unknown terms Xs in text forms at each retrieval. Please note that the known term 

C is also considered as an output of the tool. The three Xs, which are considered as the 

unknown terms in less-familiar ontologies, are retrieved according to the known term C and 

the two re-representations on a one-to-one basis. The six outputs of the Retriever (the 

known term C, two re-representations and three Xs could support constructing new 

ontologies and expanding the design space exploration, and thereby provoke users’ creative 

minds. In addition, the tool can generate an image mood board correlating to its text-form 

outputs in real time.  

As a hypothetical example, suppose new ideas for a chair design are required. The design 

keyword ‘Chair’, which is regarded as the known term C, is considered as the input. The 

ontology relation ‘Function (Purpose)’ abstracted from A:Bs in familiar ontologies is selected 

to explore what chairs are commonly used for. By using the Retriever, two re-

representations, ‘Bench’ and ‘Sofa’, are retrieved. According to the input and re-

representations, three ideas, ‘Leading A Meeting’, ‘Growing Plants’, and ‘Reading A Book’, 

are produced respectively according to the selected relation. The retrieved outputs are 

presented in text forms as shown in the top image of Figure 7.5, accompanying with a mood 
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board containing corresponding images as shown in the bottom image of Figure 7.5. The 

example here shows a distant retrieval, of which ideas with lower relational degrees are 

retrieved, for avoiding design fixation and prompt creative ideation. As illustrated 

previously, ideas (unknown Xs) that are strongly related (higher relational degrees) to the 

term C or re-representations via the selected ontology relationship are retrieved prior to 

lower correlated ones. Using the input ‘Chair’ and ‘Function (Purpose)’ as example, ideas 

such as ‘Resting’ are retrieved prior to ‘Leading A Meeting’.  

 

(a). Output in text form 
 

 

(b). Output in image mood board form 
 

Figure 7.5. The Retriever interface (Xs: the unknown terms X is the target domain) 
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7.5. Evaluation of the Retriever 

7.5.1. Design Challenge and Participants 

The Retriever is developed based on exploring related studies on analogy and ontology, as 

well as computation techniques. A case study has been conducted to collect quantitative 

and qualitative data for evaluating the creativity of the ideas generated by using the 

Retriever as well as the usefulness and effectiveness of the tool. Similarly to Chapter 4, 

quantitative methods, such as metric-based creativity evaluation and statistical analysis, and 

qualitative methods, such as interviews, are used to generalise the results and understand 

the participants’ experience of using the tool, respectively. Also, methods, such us 

introducing Google Image into the case study and not informing any fore-knowledge of the 

project, are employed to avoid participant biases to some extent. However, hypothesis 

guessing might still lead to participant biases.  

The case study was a controlled experiment involving twenty participants to produce ideas 

for solving a design challenge. The controlled experiment compares participants producing 

ideas with and without using the Retriever. The participants generating ideas without using 

the Retriever were granted use of Google Image for constructing a fairer comparison, as 

both of the tools provide images. The design challenge was to design a ‘bicycle’ to help kids 

fight obesity, as childhood obesity has been widely considered as a serious public health 

threat. The design specifications of the new ‘bicycle’ design ideas are feasible, easy to learn, 

attractive to children, and safe to ride. 

Twenty participants, with high levels of interests and intrinsic motivations, participated in 

the design challenge voluntarily via a case study advertising. Each of the participant could 

receive a piece of high-quality stationery as a reward after accomplishing the case study.  

The basic information of the participants is shown in Table 7.3. It involves fifteen PhD 

students, one Masters student, one undergraduate student, and three employees. All of the 

participants were recruited from a university in UK. Sixteen were from a Design Engineering 

department, while the other four were from other departments, such as Computer Science 

and Mechanical Engineering, to increase the variety of the participants. The average age of 

the participants was 28 years. Two of the participants have more than three years’ 

experience in design, and were considered as experienced designers in this case study. The 
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other eighteen participants were considered as novice designers, as none of them had 

extensive design experience. All of the participants had signed up with standard case study 

protocols giving permission to use the data. The twenty participants were divided into two 

categories having similar capabilities based on their experience and backgrounds, 

constituting two categories with ten participants in each. Ten of the participants conducted 

the case study by using the Retriever, which are regarded as the Retriever participants or 

the Retriever users. The other ten participants produced ideas without using the tool but 

could use Google Image as an assistant, and are named as the non-Retriever participants. 

Both the Retriever participants and the non-Retriever participants were recommended to 

use ‘bike’ or ‘bicycle’ to start the retrieving or searching process. The participants were also 

allowed to use other keywords during the design challenge. Each of the participants from 

either category performed the design challenge separately, as a participant’s idea 

generation performance may be influenced by actions or ideas of others (Perttula and Sipilä, 

2007), within the same amount of time. The ideas produced by an individual were recorded 

on a piece of A3 paper in text and images. The papers with ideas produced by the Retriever 

users as well as non-Retriever users were then collected and mixed together for evaluation 

to enhance reliability. 

 

Table 7.3. Basic participant information 

 
Gender Average 

Age 

Background 

Professional 

Design 

Experience 

Male Female Design Engineering Design+Eng Others ≥3 Years 

The Retriever 

Participants 
7 3 28 1 6 1 2 1 

The Non-Retriever 

Participants 
7 3 27.5 1 6 1 2 1 

 

 

7.5.2. Evaluation Methods and Processes 

As described in Chapter 3, the evaluation of an idea generation method can be grouped into 

outcome-based and process-based, of which process-based approaches are rarely used 
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(Shah et al., 2003). Psychometric measurement is an outcome-based approach for assessing 

creativity, which has been used extensively for decades. Measuring outcomes can 

objectively demonstrate the effectiveness of an idea generation method, as specific metrics 

are used to reflect the creativity of ideas to the performance of the idea generation method. 

Shah et al. (2003) have proposed a psychometric approach for measuring effectiveness and 

creativity, which is used in this case study to evaluate the Retriever. This approach has also 

been used in Chapter 4 to evaluate the Combinator. It involves four metrics: quantity, 

novelty, quality, and variety. These four metrics are also known as fluency, originality, 

usefulness, and flexibility, respectively (Ward and Kolomyts, 2010). The measurement of the 

four metrics in this study is illustrated in the following paragraphs.  

Fluency (quantity) was measured by counting the total number of ideas produced by an 

individual, which shows the fluency of idea generation of the individual. It is commonly 

considered that generating more ideas increases the chance of better ideas occurring.   

Originality (novelty) indicates the unexpectedness and unusual nature of an idea compared 

with non-original ones. In this case study, existing conventional children's bikes on the 

market are considered as non-original ideas. An original idea is usually the result of the 

design space expansion. The originality of an idea was measured by scoring 1 to 5 from 

'poor' originality to 'excellent' originality. The overall originality score of an individual 

participant was the mean originality score of all the ideas produced. 

Usefulness (quality) of an idea shows the feasibility of the idea and to what extent the idea 

meets the design specifications. An idea with high usefulness indicates a higher design 

success rate. The usefulness of an idea was assessed by scoring each key attribute 1 to 5 

from ‘poor’ usefulness to ‘excellent’ usefulness in terms of the idea’s feasibility and how 

close each attribute meets the design specifications. A total weight of 1 was assigned to four 

key attributes according to their significance as follows, feasibility (0.25), easy to learn 

(0.25), attraction (0.25), and safety (0.25). This was assuming that feasibility, easy to learn, 

attraction, and safety are being regarded as equally important in the initial design stage. The 

overall usefulness score of an idea was computed by Equation 6.1 adapted from Shah et al. 

(2003). In Equation 6.1, M is the overall usefulness score of an idea with n attributes, while fi 

is the weight assigned to attribute i and Si is the score of attribute i. The overall usefulness 

score of an individual participant was the mean usefulness score of all the ideas generated.  
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𝑀 = ∑ 𝑓𝑖𝑆𝑖

𝑛

𝑖=1

               (6.1) 

 

Flexibility (variety) demonstrates the exploration of the design space, which was measured 

by counting the total number of categorises of the ideas produced by an individual.  

Categorising the ideas generated was based on assessing how different each idea is from 

another. In this case study, the assessment was based on the different working principles as 

well as physical principles, for instance the number of wheels, the variety of the wheels, the 

structure of the bike, and the drive mode of the bike. However, relatively general aspects 

were focused rather than very detailed characteristics, as the idea generation case study 

only produced initial design ideas other than sophisticated ones. Producing similar ideas 

shows a low idea variety and a poor idea generation flexibility, and thereby a low probability 

of exploring better ideas in the design space.  

The individual level mean scores of fluency (quantity), originality (novelty), usefulness 

(quality), and flexibility (variety) were calculated for a fair and effective comparison. The 

mean scores of different metrics at the individual level were used instead of total scores, 

which is due to the different amount of ideas generated by different participants. 

Two professional design engineers having over three years of experience evaluated the 

ideas respectively in order to verify the robustness of the metric scores. The two raters, who 

were researchers in the Design Engineering department, participated in the evaluation 

voluntarily with intrinsic motivations. The ideas were assessed under the same guidance and 

inter-rater agreement of scoring 1≤ poor < 2, 2 ≤ moderate < 3, 3 ≤ good < 4, and 4 ≤ 

excellent ≤ 5 for idea originality and usefulness. In addition, the two evaluators were blind to 

the idea generation conditions. Moreover, idea fluency and flexibility were measured 

relatively objective by counting the number of ideas produced and the number of idea 

categories, respectively. The final metric scores were the mean scores marked by the two 

raters.  
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7.5.3. Evaluation Results 

A kappa test was conducted to assess the rating agreement between the two raters. The 

test result showed that the kappa coefficients of the agreements of fluency, originality, 

usefulness, and flexibility were 1, 0.353, 0.310, and 1, respectively. It indicated that the two 

raters had almost perfect agreements on fluency and flexibility, and fair agreements on 

originality and usefulness. This is because fluency and flexibility are relatively objective 

metrics, while originality and usefulness are relatively subjective metrics. To estimate the 

reliability of the consensus between the two raters in terms of originality and usefulness, a 

popular modification of the percent of adjacent agreements were calculated. Ratings for 

each idea were regarded as consensus if the two scores did not differ by more than one 

point (Stemler, 2004). This consensus estimate of reliability method was also used in the 

idea generation study conducted by Daly et al. (2016). For the originality and usefulness 

ratings, the percent of adjacent agreements between the two raters were 92% and 94% 

respectively. The result of the Kappa test has shown the robustness of the evaluated scores.  

The evaluation results, which are the mean scores of fluency, originality, usefulness, and 

flexibility at the individual level of each category, are shown in Figure 7.6. At the individual 

level, the Retriever participants generated 4.30 ideas with a standard deviation of 2.67, 

while the non-Retriever participants came up with 1.90 ideas with a standard deviation of 

1.45. In terms of idea originality and usefulness, the Retriever participants achieved 3.47 

and 3.69 while the Non-Retriever participants scored 3.05 and 3.26, respectively. The 

standard deviation of which were 0.49 and 0.35, 0.37 and 0.30, respectively. The Retriever 

participants’ idea generation flexibility was 3.60 with a standard deviation of 1.84, which is 

2.10 higher than that of the non-Retriever participants with a standard deviation of 0.97. 
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Figure 7.6. The evaluation results: The ten Retriever participants vs. The ten non-Retriever 

participants  

(Note: The error bars indicate standard deviations) 

 

Although the mean metric scores of the Retriever participants are higher the non-Retriever 

participants, this might occur by chance. The standard deviations of fluency and flexibility 

are relatively larger than the others, which indicate the values are more dispersed. Thus, a 

Mann-Whitney U test was conducted in order to measure whether there are statistically 

significant differences between the means of the metric scores. The significant level of the 

Mann-Whitney U test was set as 5% (α=0.05). This suggests that there is a statistically 

significant difference between the means of two conditions if a p-value is less than or equal 

to 0.05. The Mann-Whitney U test was performed by using SPSS and the results are 

illustrated in Table 7.4. Comparing the Retriever participants with the non-Retriever 

participants, the p-values between the mean scores of fluency, usefulness, and flexibility are 

all less than the defined 0.05, while the p-value of originality is slightly greater than 0.05. 

This demonstrates that there are statistically significant differences between the Retriever 

users and the non-Retriever users in terms of fluency (U=23.0, p=.033), usefulness (U=19.5, 
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p=.021), and flexibility (U=17.5, p=.010), while there is no statistically significant difference 

in terms of originality (U=28.0, p=.081), with medium and large effect sizes.    

 

Table 7.4. The Mann-Whitney U test result: The ten Retriever participants vs. The ten non-Retriever 

participants 

 Mann-Whitney U Z 
Significant Difference 

- p Value 
Effect Size 

Fluency 23.0 -2.13 p=.033 r=.48 

Originality 28.0 -1.75 p=.081 r=.39 

Usefulness 19.5 -2.31 p=.021 r=.52 

Flexibility 17.5 -2.59 p=.010 r=.58 

r effect size: .10=small, .30=medium, .50=large 

 

We have also calculated the Cohen’s d values to measure the differences between the 

means to support the statistical analysis. As shown in Table 7.5, the Cohen’s d values of the 

four metrics are all greater than 0.8, which show that there are large differences. The large 

differences have suggested high practical significant differences between the mean metric 

scores of the two types of participants.  

 

Table 7.5. Cohen’s d: The ten Retriever participants vs. The ten non-Retriever participants 

 
The Retriever 

Participants (N=10) 

The Non-Retriever 

Participants 

(N=10) 
Cohen’s d 

 M SD M SD 

Fluency 4.30 2.67 1.90 1.45 d=1.12 (Large) 

Originality 3.47 .49 3.05 .37 d=.96 (Large) 

Usefulness 3.69 .35 3.26 .30 d=1.32 (Large) 

Flexibility 3.60 1.84 1.50 .97 d=1.43 (Large) 

Cohen’s d value: .20=small, .50=medium, .80=large 
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Table 7.6. Type S errors and Type M errors: The ten Retriever participants vs. The ten non-Retriever 

participants 

 Standard Error True Effect Size Type S Error Type M Error 

Fluency .43 

.1 .25 10.16 

.2 .10 5.17 

.3 .04 3.51 

Originality .09 

.1 5.4∙10-3 2.25 

.2 2.4∙10-5 1.29 

.3 6.6∙10-8 1.05 

Usefulness .07 

.1 1.1∙10-3 1.81 

.2 8.9∙10-7 1.11 

.3 2.1∙10-10 1.01 

Flexibility .29 

.1 .17 6.89 

.2 .04 3.53 

.3 .01 2.43 

 

 

However, in a case study limited by a small sample size, there is an increasing probability of 

chance to estimate effects that have incorrect directions (Type S error) or to over-estimate 

effect sizes (Type M error) (Gelman and Carlin, 2014). To investigate these problems of the 

conducted case study, Type S errors and Type M errors were calculated based on the 

standard errors between means with estimated true effect sizes 0.1, 0.2, and 0.3, 

respectively. As shown in Table 7.6, there are slightly higher probabilities that Type S errors 

and Type M errors might occur in fluency and flexibility rather than originality and 

usefulness. This indicates that there exist probabilities that the effects of fluency and 

flexibility are in the wrong directions or the effect sizes of which are too high. However, 

these figures only present a hypothetical indication, as it is difficult to hypothesise true 

effect sizes for this case. 

Due to a small sample size, we have conducted a Bayesian analysis, which is a Bayes factor 

independent sample test by using SPSS, to produce more informative statements about the 

values of the case study data. In the test, H0 is the null hypothesis that there is no difference 

between the Retriever participants and the non-Retriever participants, while H1 is the 
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alternative hypothesis that there are statistically significant differences between the two 

types of participants. The Bayesian analysis result is presented in Table 7.7, and the Bayes 

factors were interpreted according to Jarosz and Wiley (2014). As shown in the table, all the 

p-values are smaller than 0.05, which indicate that there could be significant differences 

between the Retriever users and the non-Retriever users in all four aspects. The Bayes 

factors have shown that there is weak support for the alternative hypothesis (H1) in terms of 

fluency (BF=.345, t=-2.49, p=.022) and originality (BF=.555, t=-2.19, p=.042), as well as 

positive supports for the alternative hypothesis (H1) in terms of usefulness (BF=.175, t=-

2.91, p=.009) and flexibility (BF=.108, t=-3.19, p=.005). More precisely, the Bayes factors 

suggest that these data are 2.9, 1.8, 5.7, and 9.3 times more likely to be observed under the 

alternative hypothesis (H1) with regards to fluency, originality, usefulness, and flexibility, 

respectively. Therefore, the Bayesian analysis indicates there are relatively higher 

probabilities that the Retriever participants could performance better than the non-

Retriever participants, especially in flexibility, usefulness, and fluency. 

 

Table 7.7. Bayes factor independent sample test: The ten Retriever participants vs. The ten non-

Retriever participants 

(H0 null hypothesis: there is no difference between the two types of participants, 

H1 alternative hypothesis: there is a statistically significant difference between the two types of 

participants) 

 
Significant Difference 

P Value 
Bayes Factor Interpretation 

Fluency t=-2.49, p=.022 BF=.345 There is an weak support for H1 

Originality t=-2.19, p=.042 BF=.555 There is an weak support for H1 

Usefulness t=-2.91, p=.009 BF=.175 There is a positive support for H1 

Flexibility t=-3.19, p=.005 BF=.108 There is a positive support for H1 

BF Bayes factor: 1-.33 = weak, .33-.10=positive, .10-.05=strong 

 

Therefore, comparing the ten participants using the Retriever with the ten participants 

without using the tool in this case study, we can conclude that there are significant 

improvements in ideation fluency and flexibility as well as the idea’s usefulness, according 
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to the statistical analysis above. The Mann-Whitney U test has indicated an insignificant 

difference in originality and the Bayes analysis has shown a relatively poor support for the 

alternative hypothesis (H1) in originality, while the effect size has indicated a large 

difference. Thereby, we could consider there is a moderate improvement in terms of the 

originality of the ideas produced. 

Interviews were conducted after the design challenge. All the Retriever participants 

provided positive feedback indicating the tool is simple, useful, and effective for assisting 

idea generation. All the tool users indicated that the outputs were closely related to their 

input, which were useful for the design space exploration and expansion. Moreover, nine 

out of ten users agreed that the mood boards produced had provided a better 

comprehension of the outputs and enhanced their creative thinking during the idea 

generation. However, two participants pointed out that some of the outputs were common 

knowledge which they already knew. This is due to the limitation of the common-sense 

knowledge database used in the Retriever. In terms of the non-Retriever participants, 

although all of them indicated Google Image is a simple tool, eight and nine out of ten 

considered Google Image is not useful nor effective respectively for supporting idea 

generation. They suggested that the images provided by Google Image were monotonous, 

which might had led them into design fixation. Six of the non-Retriever participants 

considered the design challenge was difficult and was therefore challenging to generate 

creative ideas, although having access to Google Image. Eight out of ten of the non-

Retriever participants considered that it would be useful to have a number of good quality 

related stimuli or source of inspirations, which are relevant to the specific domain, in visual 

forms during the idea generation. 

 

7.6. Discussion 

Comparing with the non-Retriever participants, creative ideas were commonly produced by 

the participants who were using the Retriever. Several creative ideas, ‘Scooter bike’, 

‘Treadmill bike’, and ‘Connectable bike’, produced by using the tool have been selected and 

re-sketched, as shown in Figure 7.7. The ‘Scooter bike’ uses gliding rather riding, which is 

safer, easier, and more fun than a conventional bike. The ‘Treadmill bike’ design provides a 
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new method of driving a bike, as well as offers the energy consumption benefit of 

conventional treadmills. The ‘Connectable bike’ allows users to connect two bikes together 

converting to a single bike, which provides children with the enjoyment of playing together 

and subconsciously encourages them to ride bikes. However, these types of creative ideas 

were less common among the ideas generated by the non-Retriever participants. A great 

proportion of the non-Retriever participants’ ideas were focused on the appearance of 

bikes.  

 

  

Scooter Bike Treadmill Bike 

 

Connectable Bike 

Figure 7.7. Examples of the ideas produced by the Retriever participants 

 

The evaluation results show that the usefulness of the ideas as well as the fluency and 

flexibility of idea generation were significantly improved by using the Retriever for assisting 

idea generation, while the originality of the ideas was moderately improved. This is in line 
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with the research conducted by Linsey et al. (2011), of which there are no differences in 

novelty across different ideation conditions. This evaluation results indicate that the 

Retriever had increased the success rate of design, improved the occurrence of better ideas, 

and enhanced the exploration of the design space, and promoted the expansion of the 

design space. Moreover, all the ten Retriever participants provided positive feedback on the 

tool, highlighting its effectiveness, usefulness, and simplicity. Without using the Retriever, 

the other ten participants were confronting difficulties in producing ideas, especially 

creative ones, to solve the design challenge, despite with the assistant of Google Image. As a 

result, it is suggested that the Retriever is an effective tool for assisting the designers 

concerned in producing creative ideas, albeit based on a limited sample. However, the 

capability of the Retriever can potentially be increased by adding an ontology database 

containing technical concepts and relations. 

Using the Retriever is considered to have significant benefits in long idea generation 

sessions, which exceed 30 minutes, compared with individuals not using any creativity tools. 

A human’s idea generation rate generally decreases in 30 minutes, while the idea quality 

declines in 20 minutes (Howard et al., 2011). Theoretically, the tool can continuously 

generate useful stimuli to assist a designer in idea generation, which can maintain the 

designer’s ideation rate and idea quality (Howard et al., 2011).  

In comparison with other computational analogy tools, such as the WordTree method 

(Linsey et al., 2012) and AnalogyFinder (McCaffrey and Spector, 2017), the Retriever can 

provide image-based presentations or outcomes in addition to text-based outcomes. Image-

based presentations of concepts or entities in mood board styles could support the 

comprehension of text-based outcomes, as well as improve creativity and enhance design 

communication. The WordTree method and AnalogyFinder simply retrieve associated 

functional terms through abstractions, for instance, AnalogyFinder rephrases the goal 

through using synonyms from WordNet and verbs, and then searches patents that match 

the rephrased goal from a database. The Retriever uses particular relations for retrieving 

related entities or concepts, which enriches the space of structures and components in an 

ontology as well as functions and behaviours. These novel properties of the Retriever could 

support design exploration and expand the design space. 
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7.7. Chapter Conclusions 

Design Creativity is a significant element in design, which assists problem solving, initiates 

innovation, and determines a product’s performance. However, it is challenging to come up 

with creative ideas. This study has indicated a method of constructing ontologies with 

sufficient richness and coverage to support reasoning over real-world datasets for 

stimulating creative idea generation. The method has been developed into a computational 

tool, which is based on analogical reasoning and ontology, for supporting novice designers 

as well as experienced designers in idea generation and prospectively in idea elaboration. 

The tool is designed for solving proportional analogy problems (A:B::C:X) by retrieving the 

unknown term X from a knowledge database to help designers construct an ontology. It can 

assist designers in idea generation through design space expansion and exploration.  

The tool has been considered as useful and effective for helping the designers concerned 

generate creative ideas through a case study. The statistical analysis results have indicated 

that the tool can significantly improve the designer’s ideation fluency, ideation flexibility, 

and the idea’s usefulness, as well as moderately increase the idea’s originality, concerning 

the conducted case study. It has been revealed that the Retriever can improve better ideas 

occurrence and design success rates, and enhance design space exploration and expansion, 

albeit based on a limited sample. The cognition simulation approach used in the case study 

conducted has achieved a positive outcome, which provided a novel and robust method of 

developing design support tools. However, the current database employed in this study is a 

common-sense knowledge base, which is considered as a non-technical database. The 

performance of the tool can be potentially improved by adding a technical ontology 

database, for example the one developed by Shi et al. (2017) which involves technical terms 

and relations such as desalination is related to reverse osmosis, electrodialysis, and solar 

energy. Further research is planned to enhance the tool’s performance in idea generation, 

as well as measure the tool’s capability in idea elaboration. 
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Chapter 8. Conclusions and Future Research 

 

This chapter concludes the research projects reported in this thesis, indicating the research 

outcomes, contributions and limitations. Future research plans are suggested for improving 

the theoretical research and computational tools explored in this thesis.  

 

8.1. Research Outcomes  

Creativity and creative idea generation, which are positively associated with innovation and 

economic benefit, are significant to design. However, it is challenging to generate ideas, 

especially creative ones. This thesis, ‘Combinational Creativity and Computational 

Creativity’, has explored combinational creativity and implemented combinational creativity 

in computational tools to support designers, especially novices, in creative idea generation 

during the early phases of design. It involves four sub-projects: the Combinator, three driven 

approaches, conceptual distances between ideas, and the Retriever. The research outcomes 

of this PhD research project are presented in relation to the two research questions, three 

objectives, and the overall research aim raised in Chapter 1. 

 

8.1.1. Research Question 1 and Objective 1 

The first research question is ‘How is combinational creativity produced in design?’, which is 

supported by the first research objective ‘To explore theoretical elements of how 

combinational creativity is generated in design, such as the driving forces and conceptual 

distances’. Combinational creativity, which is a natural feature of human associative 

memory, involves producing unfamiliar ideas through combining familiar ones. Related 

studies, such as how the human mind and memory work in achieving combinational 

creativity, have been reviewed in this thesis. This has provided a general understanding of 

how combinational creativity is produced, which has supported a further exploration of the 



193 
 

generation of combinational creativity in the context of design, as well as the development 

of computation tool.   

Through investigating research projects on design cognition, strategy and process, Chapter 5 

has proposed three driven approaches to produce combinational creative ideas in design. 

The three approaches are known as the problem-, similarity-, and inspiration-driven. 

Alternatively, combinational creativity is driven by design problems, similar representations 

between two ideas, and a source of inspiration. A study involving two-hundred practical 

products selected from winners of international design competitions was conducted to 

evaluate the approaches by means of expert evaluation. The study has demonstrated the 

occurrence of the three approaches within the selected samples. It has indicated that the 

problem-driven approach is the dominant approach for originating the products concerned, 

accounting for about more than half of the samples. In addition, the three approaches can 

be used individually as well as in combination, for the study concerned. However, the study 

has only employed a limited number of products selected from winners of design awards, 

which could be a potential limitation.  

Chapter 6 has investigated the conceptual distances between ideas in combinational 

creative products. A study involving two-hundred practical products was conducted. The 

study was aimed to identify the conceptual distances between ideas of the products by 

means of expert evaluation. The study has revealed that far-related ideas are used more 

often (about 2-3 times higher) than closely-related ones in practical combinational designs. 

The designs employed far-related ideas are generally more creative (about 25% higher) than 

the ones originated by using closely-related ideas, for the study concerned. However, it is 

challenging for humans, even expert designers, to quantify the conceptual distances 

between ideas. Thereby, it is challenging to accurately define the distances of conceptually 

‘far-related’ and ‘closely-related’ ideas.  

 

8.1.2. Research Question 2 and Objectives 2 & 3 

The second research question is ‘How should combinational creativity be implemented in 

computational tools to support designers in creative idea generation during the early phases 

of design?’. Two research objectives, ‘2. To investigate computational algorithms and 
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approaches of imitating aspects of human cognition in producing combinational creativity in 

design’ and ‘3. To explore approaches, such as using up-to-date design ‘data’ and visual 

representations, to support novices in design’, have been raised to answer this research 

question.  

Algorithms of the computational tools (objective 2), the Combinator and the Retriever, were 

created based on answering the research question 1 and satisfying objective 1. Advanced 

techniques such as data mining, natural language processing, image processing, and 

semantic net were explored and implemented in the tools to achieve objective 3.  

To be more specific, Chapter 4 has presented a computational tool, the Combinator, which 

was developed through imitating aspects of human cognition in coming up with 

combinational creative ideas. The tool has employed text mining and natural language 

processing to provide users with up-to-date design ‘data’. Image processing, such as image 

combination and blending, and semantic net were implemented in the tool to support 

designers, especially novices, in understanding the outputs of the tool, as well as leading to 

more creative ideas. The Combinator can produce combinational prompts in text and image 

forms to provoke the user’s creative mind for assisting designers in creative idea generation. 

Case studies were conducted and suggested that the tool is effective and easy to use. The 

case studies were controlled experiments of individual designers tackling design challenges 

with and without using the Combinator, and then followed by creativity evaluations. 

Concerning the case studies conducted, the Combinator can increase idea generation 

fluency and improve the originality, usefulness and flexibility of the ideas generated while 

comparing with non-Combinator users. Moreover, the case studies have indicated that the 

tool could benefit its users in generating high-novelty and high-quality ideas effectively. 

Besides, the Combinator users provided positive feedback in terms of user experience and 

outputs. However, the tool, in its current formula, generates combinational prompts in a 

random manner.  

Chapter 7 has shown another computational design support tool, the Retriever, which is 

based on ontology and aspects of analogy for aiding creative ideation. Analogy is considered 

as a specific form of combinational creativity exploring unfamiliar combinations in a shared 

conceptual space. The tool is aimed at constructing ontologies with sufficient richness and 

coverage to support reasoning over up-to-date real-world datasets to provoke designers’, 
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particularly novice designers’, creativity in design. The output of the tool involves texts as 

well as correlated image mood boards. A case study, a controlled experiment involving 

participants to solve a design challenge with and without using the Retriever, was 

conducted to evaluate the tool. The case study has indicated the tool is useful and effective 

to support idea generation. For the case study concerned, the Retriever can significantly 

improve better ideas occurrence, increase design success rate, and enhance design space 

exploration, as well as slightly improve design space expansion. However, the common-

sense knowledge database employed in this study has limited its performance. 

 

8.1.3. The Overall Research Aim 

The overall research aim of this thesis, ‘exploring combinational creativity in design and 

implementing combinational creativity in computational tools to support designers, 

especially novices, in producing creative ideas during the early phases of design’, has been 

achieved through answering the research questions and fulfilling the research objectives as 

illustrated in the sections above.  

To conclude, this thesis has provided a general understanding of how combinational 

creativity is produced in design in terms of aspects of human cognition, driving forces and 

conceptual distances. It also demonstrated how combinational creativity could be used to 

support designers in creative ideation via computational as well as non-computational 

approaches. The thesis has demonstrated that both the Combinator and the Retriever are 

useful and effective tools for supporting creative idea generation. The development 

methods of the computational tools involved in this thesis, such as imitating aspects of 

human cognition, using data mining and natural language processing, and employing images 

and ontologies, have shown positive results. The novel development methods could be used 

by other design researchers to create future design support tools. The theoretical 

explorations of combinational creativity have provided a further understanding of creativity 

and could be used by designers for producing creative outcomes. Moreover, these 

theoretical studies can be employed as bases for developing computational design support 

tools. Future research is planned to improve the capabilities of the Combinator and the 

Retriever, as well as to explore combinational creativity further.  
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8.2. Future Research 

In order to fulfil the research aim further, future research is planned to investigate 

combinational creativity in design at an advanced level and to explore improved approaches 

and algorithms of the computational tools, to support designers in creative idea generation 

during early design stages.  

In addition, the future work is also aimed at partly addressing the limitations of this thesis, 

such as the limited number of design samples used for evaluating the three-driven 

approaches, the unquantified distances of conceptually ‘far-related’ and ‘closely-related’ 

ideas, the random combinational prompts generation approach used by the Combinator, 

the common-sense knowledge database employed in the Retriever, and participant biases. 

In terms of the driven approaches of combinational creativity in design, more products 

should be studied in future studies to improve the verification, as well as to identify other 

possible approaches. In addition, observing practitioners, such as professional product 

designers, in producing combination creative ideas for new product development could 

support a further exploration of the underlying thinking processes. 

In term of the conceptual distances in combinational creativity, computational measures 

should be introduced in future research. This could help us define and quantify ‘far-related’ 

and ‘closely-related’ ideas, which supports its implementation in computational design 

support tools. Also, observations and interviews could be used to provide further insights. 

The computational tools, the Combinator and the Retriever, developed in this thesis have 

been produced as executable software programs at the moment. Web-based applications of 

the tools need to be developed to increase potential users. 

Both of the tools have employed databases developed by third parties, such as the 

ConceptNet database and Google Image database. The tools require regular manual 

updates in order to follow the up-to-date design ‘data’ and to maintain the tools’ normal 

functions. Therefore, a design knowledge database containing design ideas and 

relationships is needed to be created to increase the reliabilities of the tools.  

Two-dimensional images are utilised in the computational tools to provoke users’ creative 

minds. In terms of the Combinator, combining two-dimensional images by merging or 
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overlapping could cause issues such as poor quality, low feasibility and difficult to 

understand. Therefore, employing artificial intelligence approaches, such as the one 

demonstrated in Chapter 3, to produce combinational images might solve some of the 

issues. Besides, using mixed reality to combine three-dimensional images or objects could 

also improve the quality of the outputs. This could assist designers, especially novices, to 

understand the combinational ideas produced, and lead to high creative outcomes. With 

regards to the Retriever, using mixed reality to present the outcomes produced could 

provide an immersive environment for provoking the designers’ creative thinking.  

The Combinator, in its current form, produces combinational prompts in a random manner. 

Although the ideas produced by the tool can be creative, some of the ideas might not be 

feasible. The research findings and outcomes of the ‘three driven approaches’ and 

‘conceptual distances between ideas’ could be implemented into the tool to enhance its 

capability. As illustrated in Section 5.4, the three approaches could be applied in the 

Combinator to guide the idea combination process for improving the effectiveness and 

efficiency of the tool. A second user input should be introduced for entering driven inputs, 

such as design problems, similar representations and sources of inspiration. This could allow 

the Combinator to retrieve corresponding ideas from a database according to the driven 

inputs to combine with basic input ideas for constructing creative combinational prompts. 

The application of the three approaches provides a more structural ideation algorithm, but 

this might decrease the novelty of the ideas produced. As illustrated in Section 6.4, 

introducing conceptual distances to the tool could increase the possibility of generating 

creative prompts by retrieving far-related ideas. This approach could also be integrated with 

the three driven approaches, retrieving ideas that are correlated to driven inputs and far in 

conceptual distances. However, far-related combinations could cause potential 

comprehension problems, especially to novices who are commonly poor in expertise. 

The Retriever is currently based on a common-sense knowledge base, which has limited its 

capability. A technical ontology database could be added to solve this issue, providing 

technical terms and relations such as gear is related to vibration, tooth load and meshing 

stiffness. The findings of the study of ‘conceptual distances between ideas’ could also be 

applied in the Retriever, guiding the tool to construct new ontologies involving ideas that 

are far-related from one another. Although this type of far-relational ontology might not be 
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suitable for novice designers, it could significantly benefit experienced designers in 

producing creative ideas.  

In order to avoid participants demand characteristics further, other computational ideation 

support tools should be introduced in future case studies. This could reduce the 

participants’ tendency of making decisions which they believe would help the experimenter.  

Combinational creativity and computational creativity is a research area with a high payoff 

and great potential, which can benefit a wide range of people, such as designers and 

engineers. The future research focus is not limited to tools for assisting idea generation, it 

should also involve computational tools for supporting idea evaluation as well as idea 

elaboration.    
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