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INTRODUCTION

One of the key challenges vexing engineering design
researchers is assessing the inherently nebulous construct of
creativity in design studies [1]. Amongst the various aspects of
creativity, originality or novelty is most recognized. This is
because research has shown that individuals exhibiting creativity
are generally non-adhering, unorthodox, and autonomous when
it comes to solving problems [2]. In an engineering context,
research has shown that there is a higher possibility of solving a
design problem when a more discrete or original ideas is
produced in the initial stages of the design process [3]. Because
of'this, engineering researchers have long sought to identify what
helps individuals generate novel concepts, which necessitates the
need to measure design novelty.

In engineering, there have been two wvastly different
approaches adopted to measure concept novelty; subjective
ratings based on human judges (see for example [4, 5]) and
quantifiable methods based on feature-trees (see for example[6-
17]). The use of subjective ratings in engineering design research
stems from the early work of Psychologist Teresa Amabile [18-
20] who developed the consensual assessment technique, which
is based on the underlying premise that an idea is creative (novel,
useful, meaningful) only to the extent to which raters
independently agree that it is creative. In contrast to this
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approach, quantifiable measures in engineering design typically
rely on breaking down design concepts into their components
and then quantifying the novelty of each of these components.
The ‘gold standard’ metric in this area was developed by Shah,
Vargas-Hernandez, and Smith (SVS) [21] who proposed a
feature tree based method that differentiates novelty based on the
physical principle, working principle, embodiment, and detail
levels and assigns a relative importance (or weight) of 10, 6, 3,
and 1 to these categories. However, research has shown that
applying these two different approaches to the same design
problem can result in creativity rankings that are not only vastly
different, but often negatively correlated [22, 23]. The question
is, why?

The goal of this work is not to identify which metric was
‘superior’ to the other. Instead, it is meant to provide a method
for leveraging human raters as a means to calibrate the more
automated-feature tree approaches. As a first step towards this
goal, it is important to decipher what characteristics designers
are using to distinguish design concepts and how this differs
from or is similar to more feature-tree based approaches.

METHODOLOGY

In order to achieve this goal, a study was conducted where
we asked four raters to create an idea map based on the similarity

1 Copyright © 2019 by ASME


mailto:sth11@psu.edu
mailto:mqa5244@psu.edu

of 10 ideas using a think-out-loud protocol, see Figure X for
example map. Specifically, each participant was provided with
the same 10 idea sketches, printed on 8.5” x 5.5” sheets of paper.
The order of the ideas was randomized for each participant. The
participants were asked to pin the sketches on a 65” x 55” canvas,
such that the distance between any two sketches would be
proportional to how similar the ideas were to each other. The
sketches were allowed to overlap. The subjects were allowed to
move the sketches multiple times, until they were satisfied with
the idea map created. The participants were allotted a maximum
time of 30 minutes for the activity. Participants were required to
think aloud as they placed and moved the ideas around on the
canvas. Throughout the activity, the participants were recorded
using audio and video equipment. Transcription of the audio files
were completed using NVivo transcription services and the
automatic transcriptions were manually corrected for accuracy.
Once the transcriptions were complete, NVivo Pro version 12.0
was used to analyze the data adapting principles of inductive
content analysis. Specifically, the audio transcriptions were first
reviewed and then the coders classified each sentence from the
transcription into an open code using principles of inductive
content analysis. Once open coding was completed, the
categories were then grouped under higher order headings by
collapsing those that were similar.

RESULTS

The inductive content analysis resulted in three higher-level
codes; method of frothing (f=91), form used (f= 83), and power
source used (f = 34). For method of frothing, the top categories
participants discussed were: air (f=28), spinning (f=33), and
vibrating (f=11). For example, participant 1 stated, “it has some
an air intake and idea number two has air. So, I would say that
that's probably pretty close. It's got something in common.” This
was categorized as ideas being differentiated based on the
method of frothing: air. On the other hand, the top codes that
contributed to form included: bicycle (f=17), cup (f=16), beaters
(f=14). For example, one participant said “It's pretty similar to
idea number three because they both have these pedals and they
connect to a frother. One is a bike, one is a pedal but they're
pretty similar.” This was categorized as being differentiated
based on the form: bike, pedal. Finally, the top codes that
contributed to power source category included: manual (f=22),
electric (f=11). For example, one participant said, “some have

SVS levels SVS Content Weights from
weights | Analysis content analysis

Theme (10 scale)

Physical Method of

Principle 10 frothing 10

Wgrk}ng 6 Power source 374

Principle used

Embodiment 3 Form 9.12

Table 1. Comparison of weights obtained from content
analysis and weights provided by the SVS novelty
metric.

either like a human or a bike powering them and then others just
kind of seem to go on their own.”

The frequency of these codes were then normalized to
identify the relative importance of these categories for the human
raters, see Table 1. As can be seen, the method of frothing was
the most frequently mentioned category followed by the form of
the frother and then the power source used. When compared to
the weights used in SVS [21], we see a clear discrepancy in the
assignment of the prevalence or weight of these categories. Our
prior work has identified a negative correlation between human
ratings and the SVS feature-tree method. This difference in the
relative importance of these categories may be contributing to
the large differences between feature-tree methods and human
raters. However, we may be able to utilize the method described
here to modify feature-tree based methods using the relative
importance gathered from human raters. For example, human
raters can be used to identify categories that are important in
novelty ratings, and the relative importance of these categories.
This data can then be used to scientifically justify how feature-
tree are created as well as provide justification for the weights.

CONCLUSIONS AND FUTURE WORK

The study presented here provides a methodology for using
human raters to extrapolate the important categories and the
relative importance of these categories for use in feature-tree
based novelty methods. While the methodology presented here
is novel, the utility of this approach needs to be verified in future
work. The authors are currently in the process of comparing
feature-tree based methods both before- and after- the
implementation of the methodology above to identify if this
method improves the alignment of human and feature-tree based
methods. In addition, future work will be geared at verifying this
approach in a variety of design contexts.
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