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Nascent Directions for Design Creativity Research
Design is recognized as one of the creative professions but that does not mean that design equals
creativity. Much of design is not creative, rather it is routine in the sense that the designs produced
are those that are similar to existing designs and are only unique in terms of the situation they are
in. However, there is value in producing designs that are considered creative in that they add
significant value and change people’s perceptions and, in doing so, have the potential to change
society by changing its value system. A search for the terms “design” and “creativity” in books
over the last 200 years (using Google’s Ngram) shows that the term “design’ was well established
by 1800 and its use dropped between 1800 and 1900, after which its use increased to 2000. The
term “creativity” only came into noticeable use from 1940 on. It is, therefore, not surprising that
creativity research is a young field. Much of early design creativity research has focused on
distinguishing design creativity from designing; typically, by attempting to determine when and
how a designer was being creative while they were designing. This still remains an important area
of design creativity research that deserves considerable attention. Much of the design creativity
research over the last 30-40 years has focused on either cognitive studies of designers or on
building computational models of creative processes, generally using artificial intelligence or
cognitive models. As in other areas of design research, there has been interest in developing
cognitive creativity support tools. These two paradigmatic approaches have yielded interesting and
important results. Tools can be categorized along a spectrum from passive through responsive to
active. Passive tools need to be directly invoked by the designer and remain unchanged by their
use. A spreadsheet is an exemplary example of a general passive tool. Passive tools that support
design creativity include, for example, morphological analysis and TRIZ. Responsive tools need
to be directly invoked by the designer but are changed by their use and do so by learning (Gero,
1996). They aim to tailor their response to the user over time. They tend to be developed for a
specific purpose and are often proprietary. Active tools interact with the designer, i.e., they respond
to what the designer is doing and make proposals.
More recently, there has been interest in studying creativity when the designer is using responsive
and active creativity aids. These aids cover a wide spectrum. Here two new categories will be
considered: artificial intelligence that supports co-creation and neuro-based creativity
enhancement. These two approaches form the basis of two nascent directions that are
fundamentally different to the current directions of cognitive studies and passive cognitive support
tools. In addition, there have been studies with drugs that affect the brain and that anecdotally
enhance creativity. Alcohol has been shown to have a mild positive effect on the remote association
creativity test but impairs divergent thinking, which is involved in design creativity (Norlander,
1999). However, controlled studies with Ritalin (methylphenidate) (Baas, et. al., 2020), cannabis
(tetrahydrocannabinol) (Kowal, et. al., 2015) and LSD (lysergic acid diethylamide) (McGlothlin,
et. al., 1967) showed that either these had no significant effect on creativity or in many cases
reduced divergent thinking. Thus, the evidence that brain changing drugs improve creativity
remains primarily anecdotal.
Artificial intelligence for co-creation: Recent developments in machine learning centered around
deep learning using convolutional neural networks have made large data sources much more

accessible. Deep learning over large data sources turns the minimally structured data into a form
that is a multidimensional space that is much larger than the space of the input data. In doing this,
deep learning, when used in designing, has the potential to open up the design space beyond the
space of the input designs. This can be used as the basis of a computational creativity support
agent, an AI, that can use its pattern matching capability to take what the designer is doing and
find places in this multidimensional space that match or partially match it. It then uses that match
to access point in that space that are not in the original input space. The AI works alongside the
designer and responds to what the designer is doing by making suggestions based on where it finds
itself in the multidimensional space. An early example of a co-creative AI takes Google’s Quick
Draw data set (https://quickdraw.withgoogle.com/data), represented through deep learning, and
the AI looks at the designer’s sketch and proposes a sketch near the designer’s based on either
appearance or semantics The designer can take some or all of the elements of the proposed sketch
and incorporate them in their own sketch and continue to develop the sketch with iterative
interaction with the AI (Karimi, et. al., 2020). Another direction is to develop an analogy based on
the Generate Paragraphs of Text (GPT) approach from OpenAI (Radford, et. al., 2019). GPT
generates coherent words, sentences and paragraphs as predictions from starting text. GPT is based
on learning from a very large data set of natural language text. By analogy, an AI could take a very
large set of designs developed incrementally as systems, subsystems, and components, produced
by parameter cycling through a parametric modeler, and use them as input to a deep learning
system where the structure of the system–subsystem–component relations are represented in the
multidimensional space. Then, the system can operate as a co-creative AI with a designer, where
the AI makes proposals that move across, up or down the system hierarchy in ways not
immediately obvious to the designer, based on the larger space of possibilities. AIs as co-creative
active tools iteratively interact with the designer.
Neuro-based Creativity Enhancement: As we learn more about brain activity during designing and
in particular where idea generation occurs, we can make use of this knowledge to produce
creativity enhancement tools. Here we will discuss two approaches within this direction. The first
uses neuro-cognitive feedback and the second uses direct brain stimulation. Feedback has been
shown to be a driver of cognitive change through self-regulation. It is one of the pedagogical
foundations of education. Feedback of physiological measurements is used by athletes to improve
their performance. The same concept can be applied to design creativity. It is known that, in
general, higher activations of the right prefrontal cortex are involved with idea generation along
with lower activations of the left prefrontal cortex. In a recent pilot study, designers wore a
neuroimaging cap (in this case using functional near infra-red spectroscopy – fNIRS). Showing
designers the activation level of the right prefrontal cortex of their brains derived from the fNIRS
measurement, and asking them to keep that activation level up, resulted in an increase in the
number of concepts generated compared to the number generated in same time period without
neuro-cognitive feedback (Shealy, et. al., 2020). Although this was a preliminary study, it
demonstrated the potential of this neuro-cognitive feedback approach for design creativity research
and practice
Whilst neuro-cognitive feedback involves only indirect involvement by the tool, transcranial direct
current stimulation (tDCS) involves the passing of an electrical current from the device to the
brain. In studying creativity, tDCS uses electrical currents to activate the right prefrontal cortex
and deactivate the left prefrontal cortex. A recent experiment using tDCS in these locations showed

that there was a consequential increase in performance in psychometric creativity measurements
(Hertenstein, et. al., 2019). These results demonstrate the potential of the tDCS approach for design
creativity research and practice.
Artificial intelligence for co-creation and neuro-based creativity enhancement represent two
nascent directions that have the potential to expand the ambit of both design creativity research
and design creativity itself.
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