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Abstract 

Evaluating co-creative systems is an open research 
question in computational co-creativity research. This 
paper addresses a lack of studies about evaluating the 
effect of co-creative systems on ideation, a creative 
process during which designers generate new ideas. 
This paper describes an approach to measuring ideation 
as a basis for evaluating co-creative systems in design. 
Particularly, we are interested in how the contribution 
of an AI partner in a creative design task influences de-
sign ideation in a co-creative system. In order to evalu-
ate a co-creative design system, we present an approach 
for measuring ideation that has two components: an ag-
gregate analysis and a temporal analysis. With the met-
rics, we hope to contribute to a critical and constructive 
discussion on evaluating the impact of AI contributions 
in other co-creative systems. 

 Introduction 

Computational co-creative systems are a growing research 
area in computational creativity. While co-creative systems 
can be applied to a variety of domains associated with 
creativity and encourage designers’ creative thinking, there 
are few studies that focus on evaluating co-creative sys-
tems. Understanding the effect of co-creative systems in 
the ideation process can aid in the design of co-creative 
systems and evaluation of the effectiveness of co-creative 
systems. However, most research on co-creative systems 
focuses on evaluating the usability and the interactive ex-
perience (Karimi et al., 2018) rather than how the co-
creative system influences creativity in the creative pro-
cess. To evaluate the usability and the user experience of 
co-creative systems, the studies often used qualitative ap-
proaches and a few studies have used a quantitative ap-
proach to evaluate the user experience of co-creative sys-
tems relying on questionnaires (Kantosalo and Riihiaho, 
2019) such as the System Usability Scale (SUS) (Brooke, 
1996) and the Creativity Support Index (CSI) (Cherry and 
Latulipe, 2014). This paper describes a quantitative ap-
proach to measure ideation as the basis for evaluating the 
effect of AI inspiration in a co-creative system. This quan-
titative approach provides generalized measure for evaluat-
ing the effect of co-creative systems in design. With these 
quantitative measures, researchers can quantify the effec-

tive of a co-creative system on design ideation and com-
pare the effect of different AI models in a co-creative sys-
tem. 
 Ideation, an idea generation process for conceptualizing 
a design solution, is a key step that can lead a designer to 
an innovative design solution in the design process. Idea 
generation is a process that allows designers to explore 
many different areas of the design solution space (Akin, 
1990; Atman et al., 1999; Brophy, 2001; Cross, 2001; Liu 
et al., 2003). Ideation has been studied in human design 
tasks and collaborative tasks in which all participants are 
human. Collaborative ideation can help people generate 
more creative ideas by exposing them to ideas different 
from their own (Chan et al., 2017). This paper has a focus 
on evaluating how a co-creative agent influences the idea-
tion process in a human-AI collaboration. 
 In this paper, we describe a method of measuring idea-
tion as a basis for evaluating the effect of AI models on the 
design process. To measure ideation in a co-creative sys-
tem, we employ two approaches: an aggregate analysis that 
quantifies novelty, variety, and quantity of ideas in an idea-
tion, and a temporal analysis that focuses on the temporal 
changes of novelty, variety, and quantity of ideas during 
the design process. The contribution of this paper is a 
method for evaluating co-creative systems in design. 

Evaluation of Computational Co-creative Sys-

tems 

Evaluating co-creative systems is still an open research 
question and there is no standard metric for measuring 
computational co-creativity (Karimi et al., 2018). The re-
search on co-creative systems shows various approaches to 
evaluate co-creative systems and computational co-
creativity. Some researchers focus on evaluating the inter-
active experience and others focus on the effectiveness of 
the system to produce or generate a creative outcome. 
 Shimon (Hoffman and Weinberg, 2010) is a robotic ma-
rimba player that listens and responds to a musician in real 
time. The evaluation of Shimon (Hoffman and Weinberg, 
2010) is a performance-based evaluation of the system. 
The evaluation used observation to analyze the system’s 
behaviors and the audience reactions during the perfor-
mance. Drawing Apprentice (Davis et al., 2015) is a co-
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creative drawing system in which the computational part-
ner analyzes the user's sketch and responds to the user’s 
sketch. Drawing Apprentice (Davis et al., 2015) focused on 
usability and system accuracy in the evaluation. The evalu-
ation methods include algorithm testing, voting, survey, 
and retrospective protocol analysis to evaluate the system 
and interactive experience. Viewpoints AI (VAI) is a co-
creative dance partner that analyzes the user’s dance ges-
tures and provides complimentary dance in real-time by a 
virtual character projected on a large display screen (Jacob 
et al., 2013a, 2013b). In the evaluation of Viewpoints AI 
(Jacob et al., 2013a, 2013b), the researchers observed how 
participants interact with the systems and the participants 
provided feedback about their interactive experiences. 
While these examples of evaluation focus on interactive 
experience in the creative process, Sentient Sketchbook 
(Yannakakis et al., 2014), and 3Buddy (Lucas and Mar-
tinho, 2017), co-creative systems for game level design, 
focused on the usefulness of the system since both systems 
support a goal-directed design rather than an open-ended 
artistic performance. The methods used include a survey, 
interview, and observation to measure the usefulness of the 
system. Our study is distinct in evaluating the impact of the 
AI partner on the user’s ideation process. 
 Karimi et al. (Karimi et al., 2018) presented a frame-
work for evaluating creativity in computational co-creative 
systems. This framework responds to four questions that 
serve to characterize the many and varied approaches to 
evaluating computational co-creativity: who is evaluating 
the creativity, what is being evaluated, when does evalua-
tion occur, and how the evaluation is performed. The 
framework enables comparisons of evaluation focus and 
methods across existing co-creative systems. Using this 
framework, we have shown that the evaluations of the ex-
isting co-creative systems described in this section respond 
to “what is being evaluated” with a focus on evaluating the 
interactive experience and the final product. In this paper, 
we respond to “what is being evaluated” and “how is the 
evaluation performed” by evaluating the novelty, variety, 
and quantity of ideas in the ideation. Section 3 describes 
how we define and measure ideation in more detail. 

Measuring Design Ideation When Co-creating 

with an AI Agent 

Ideation is a creative process where designers generate, 
develop, and communicate new ideas. Ideation in design 
can lead to innovative design solutions through generating 
diverse concepts (Akin, 1990; Atman et al., 1999; Brophy, 
2001; Cross, 2001; Liu et al., 2003). The goal of design is 
to develop useful and innovative solutions and design idea-
tion allows designers to explore different areas of the de-
sign solution space (Daly et al., 2012; Newell and Simon, 
1972). A design process is an evolution of different kinds 
of representations (Goel and Pirolli, 1992). In a design 
process, designers externalize and visualize their design 
intentions and communicate with external visualizations to 
interact with their internal mental images (Dorta, 2008). 

During ideation, designers commonly use freehand sketch-
es and rough physical models as a tool for constructing 
external representations that also serve as cognitive arti-
facts of design (Visser, 2006). Making sketches and physi-
cal models is an interaction between the designer and the 
designer’s ideas, similar to a conversation (Dorta, 2008). In 
the ideation stage, designers frame problems producing 
new discoveries through this conversation. The graphical 
and physical representations as cognitive artifacts are es-
sential components of the ideation process. 
 The first step for measuring ideation is to define what an 
idea is in the ideation process using a co-creative system. 
Defining an idea in design ideation using a co-creative 
system is a challenge since the idea can be defined differ-
ently involving the contribution of an AI partner in idea-
tion. In engineering design, an idea is normally considered 
as a possible solution to a given problem for evaluating the 
performance of idea generation (Shah et al., 2003). How-
ever, an idea can be variously defined as a contribution that 
contains task-related information, a solution in the form of 
a verb–object combination, and a specific benefit or diffi-
culty related to the task (Reinig et al., 2007). To define an 
idea in design ideation using a co-creative system, we use a 
cognitive approach by collecting think aloud data and cod-
ing the data for cognitive issues. We define an idea as a 
cognitive issue that the designer considers during the de-
sign process, and adopt the Function-Behavior-Structure 
(FBS) ontology (Gero, 1990; Gero and Kannengiesser, 
2004) as a basis for segmenting and coding each idea in the 
design process. FBS ontology is a design ontology that 
describes designed things, or artifacts, irrespective of the 
specific discipline of designing. The function (F) of a de-
signed object is defined as its teleology; the behavior (B) 
of that object is either derived (Bs) or expected (Be) from 
the structure, where structure (S) represents the compo-
nents of an object and their compositional relationships. 
These ontological classes are augmented by requirements 
(R) that come from outside the designer and description 
(D) that is the document of any aspect of designing. In this 
ontological view, the goal of designing is to transform a set 
of requirements and functions into a set of design descrip-
tions. The transformation of one design issue into another 
is defined as a design process (Gero, 2010). We define a 
design idea in design ideation using a co-creative system as 
a cognitive issue. 
 To measure ideation in a co-creative system, we devel-
oped three metrics based on (Shah et al., 2003), used for 
evaluating idea generation in design: novelty, variety, and 
quantity of design. We define the effect of the co-creative 
system as contributions of the AI agent to the idea genera-
tion. Two basic criteria are identified to define the contri-
butions of the AI agent based on (Shah et al., 2003): 
• How well does the AI agent contribute to expanding the 
design space? 
• How well does the AI agent contribute to exploring the 
design space? 
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 We employ two approaches with the three metrics: an 
aggregated approach and a temporal approach. The aggre-
gate approach allows us to evaluate the contributions of an 
AI agent in a design ideation. The representation of idea-
tion process by temporal changes of ideas allows to (1) 
compare an ideation process of a design session to other 
design sessions, (2) identify specific patterns of novelty, 
variety, and quantity of ideas in a condition, (3) identify 
specific contributions of the co-creative system associated 
with novelty, variety, and/or quantity. 

Aggregate Analysis 

For the aggregate approach, we developed three metrics 
based on (Shah et al., 2003), used for evaluating idea gen-
eration in design: novelty, variety, and quantity of design. 
Novelty is a measure of how unusual or unexpected an idea 
is as compared to other ideas (Shah et al., 2003). A novel 
idea is defined as a unique idea across all design sessions 
in a condition. For measuring novelty, we count how many 
novel ideas in the entire collection of ideas in a design ses-
sion then divide the novel ideas by the number of AI con-
tributions (e.g. inspiring sketches and images that the AI 
agent provides) that the designer gets from a co-creative 
system, as shown in Equation (1). The novelty score thus 
means the number of novel ideas per AI contribution in a 
design session. Variety is a measure of the explored solu-
tion space during the idea generation process (Shah et al., 
2003). The generation of similar ideas indicates low varie-
ty and hence, less probability of finding better ideas in oth-
er areas of the solution space. For measuring variety, we 
code each idea whether it is a new idea or a repeated idea 
in a design session and only the number of new ideas is 
counted in a design session then divide the new ideas by 
the number of AI contributions that the designer gets from 
a co-creative system, as shown in Equation (2). Quantity is 
the total number of ideas generated, generating more ideas 
increases the possibility of better ideas (Shah et al., 2003). 
For measuring quantity, the number of ideas both new ide-
as and repeated ideas is counted in a design while the met-
ric of variety includes only new ideas, as shown in Equa-
tion (3). These metrics enable a comparison of a designer’s 
exploration of design space while using different AI mod-
els in ideation. 

 

Temporal Analysis 

A single value for each of novelty, variety, and quantity of 
ideas in a design session enables of measure of ideation to 

be associated with the entire design session. We include a 
temporal analysis of ideation to enable a characterization 
of the flow of ideas during a design session. We divide a 
design session as a series of segments bounded by the input 
of inspiration from the AI agent.  For the temporal analy-
sis, the number of novel ideas, the variety of ideas, and the 
quantity of ideas are calculated for each segment to pro-
duce a sequence of temporally ordered ideas in a design 
session. The nuances of the ideation process are then illus-
trated by temporal changes of novelty, variety, and quanti-
ty of ideas over time. 

Figure 1: Example of temporal analysis 

Conclusion 

Measuring ideation when co-creating with an AI-based co-
creative design tool enables the comparison and evaluation 
of the impact of different AI models on the user’s cognitive 
process and the creative outcome. In order to measure idea-
tion, we developed an approach for measuring ideation that 
has two components: an aggregate analysis and a temporal 
analysis. The aggregate analysis adapts existing quantita-
tive metrics for ideation: novelty, variety, and quantity of 
ideas expressed in the design session. The temporal analy-
sis shows the temporal changes of novelty, variety, and 
quantity of ideas based on the AI contributions. These 
measures can be used in evaluating the impact of AI con-
tributions in other co-creative systems that support design 
creativity. We conclude that the approach that we devel-
oped for measuring ideation can allow different AI models 
for inspiration to be compared and justified. 

References 

Akin, Ö., 1990. Necessary conditions for design expertise 

and creativity. Design Studies 11, 107–113. 

Atman, C.J.; Chimka, J.R.; Bursic, K.M.; and Nachtmann, 

H.L. 1999. A comparison of freshman and senior engineer-

ing design processes. Design studies 20, 131–152. 

Brooke, J. 1996. Sus: a “quick and dirty’usability." Usabil-

ity evaluation in industry 189. 

Brophy, D.R. 2001. Comparing the attributes, activities, 

and performance of divergent, convergent, and combina-

tion thinkers. Creativity research journal 13, 439–455. 

Proceedings of the 12th International
Conference on Computational Creativity (ICCC ’21)
ISBN: 978-989-54160-3-5

442



Chan, J.; Siangliulue, P.; Qori McDonald, D.; Liu, R.; Mo-

radinezhad, R.; Aman, S.; Solovey, E.T.; Gajos, K.Z.; and 

Dow, S.P. 2017. Semantically far inspirations considered 

harmful? accounting for cognitive states in collaborative 

ideation, in: Proceedings of the 2017 ACM SIGCHI Con-

ference on Creativity and Cognition. pp. 93–105. 

Cherry, E.; and Latulipe, C. 2014. Quantifying the creativi-

ty support of digital tools through the creativity support 

index. ACM Transactions on Computer-Human Interaction 

(TOCHI) 21, 1–25. 

Cross, N., 2001. Design cognition: Results from protocol 

and other empirical studies of design activity, in: Design 

Knowing and Learning: Cognition in Design Education. 

Elsevier, pp. 79–103. 

Daly, S.R.; Yilmaz, S.; Christian, J.L.; Seifert, C.M.; and 

Gonzalez, R. 2012. Design heuristics in engineering con-

cept generation. 

Davis, N.; Hsiao, C.-Pi.; Singh, K.Y.; Li, L.; Moningi, S.; 

and Magerko, B. 2015. Drawing apprentice: An enactive 

co-creative agent for artistic collaboration, in: Proceedings 

of the 2015 ACM SIGCHI Conference on Creativity and 

Cognition. pp. 185–186. 

Dorta, T. 2008. Design flow and ideation. International 

Journal of Architectural Computing 6, 299–316. 

Gero, J.S. 2010. Generalizing design cognition research. 

DTRS 8, 187–198. 

Gero, J.S. 1990. Design prototypes: a knowledge represen-

tation schema for design. AI magazine 11, 26–26. 

Gero, J.S.; and Kannengiesser, U. 2004. The situated func-

tion–behaviour–structure framework. Design studies 25, 

373–391. 

Goel, V.; and Pirolli, P. 1992. The structure of design 

problem spaces. Cognitive science 16, 395–429. 

Hoffman, G.; and Weinberg, G. 2010. Gesture-based hu-

man-robot jazz improvisation, in: 2010 IEEE International 

Conference on Robotics and Automation. IEEE, pp. 582–

587. 

Jacob, M.; Coisne, G.; Gupta, A.; Sysoev, I.; Verma, G.G.; 

and Magerko, B. 2013a. Viewpoints ai, in: Ninth Artificial 

Intelligence and Interactive Digital Entertainment Confer-

ence. 

Jacob, M.; Zook, A.; and Magerko, B. 2013b. Viewpoints 

AI: Procedurally Representing and Reasoning about Ges-

tures., in: DiGRA Conference. 

Kantosalo, A.; and Riihiaho, S. 2019. Quantifying co-

creative writing experiences. Digital Creativity 30, 23–38. 

Karimi, P.; Grace, K.; Maher, M.L.; and Davis, N. 2018. 

Evaluating creativity in computational co-creative systems. 

arXiv preprint arXiv:1807.09886. 

Liu, Y.-C.; Chakrabarti, A.; and Bligh, T. 2003. Towards 

an ‘ideal’approach for concept generation. Design studies 

24, 341–355. 

Lucas, P.; and Martinho, C. 2017. Stay Awhile and Listen 

to 3Buddy, a Co-creative Level Design Support Tool., in: 

ICCC. pp. 205–212. 

Newell, A.; and Simon, H.A. 1972. Human problem solv-

ing. Prentice-Hall Englewood Cliffs, NJ. 

Reinig, B.A.; Briggs, R.O.; and Nunamaker, J.F. 2007. On 

the measurement of ideation quality. Journal of Manage-

ment Information Systems 23, 143–161. 

Shah, J.J.; Smith, S.M.; and Vargas-Hernandez, N. 2003. 

Metrics for measuring ideation effectiveness. Design stud-

ies 24, 111–134. 

Visser, W. 2006. The cognitive artifacts of designing. CRC 

Press. 

Yannakakis, G.N.; Liapis, A.; and Alexopoulos, C. 2014. 

Mixed-initiative co-creativity. 

 

 

Proceedings of the 12th International
Conference on Computational Creativity (ICCC ’21)
ISBN: 978-989-54160-3-5

443


