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Abstract
We present a semantic map of words related with creativity. The aim is to empirically derive terms which can
be used to rate processes or products of computational
creativity. The words in the map are based on association studies performed by human subjects and augmented with words derived from the literature (based
on human raters). The words are used in a card sorting
study to investigate the way they are categorized by
human subjects. The results are arranged in a heat map
of word relations based on a hierarchical cluster analysis. The cluster analysis and a principal component
analysis provide a set of five to six clusters of items related to each other, and as clusters related to creativity.
These clusters could form a basis for scales used to rate
aspects of computational creativity.

Introduction
In his Principles of Psychology, published in 1890, William   James   introduced   his   definition   of   ‘attention’   as   follows:  “Everyone  knows  what  attention  is”.  Yet, debates on
the distinctive features of attention continue up to the present day.
Perhaps a similar situation could be found with the notion   of   ‘creativity’.   In   some   way,   ‘everyone knows what
creativity  is’. But it is non-trivial to find methods by which
creativity can be evaluated. Yet, when we investigate creativity, either in humans or as achievements of computational systems, we need some way to evaluate creativity.
For example, we need a measure of creativity to distinguish between brain states in the neuroscientific investigation of creativity (Fink and Benedek, 2014). We also need
it to assess the products of computational systems as creative or not. Indeed, the question of how computational creativity can be evaluated has been described as one of the
‘Grand   Challenges’   of   computational creativity research
(Cardoso, Veale and Wiggins, 2009).
Definitions of creativity have been presented in the literature.  For  example,  “creativity is commonly defined as the
ability to produce work that is both novel (original, unique)
and useful” (Fink and Benedek, 2014, p. 111). Similar

characteristics are novelty and useful or value (Amabile,
1996; Hennessey and Amabile, 2010), typicality, novelty
and quality (Ritchie, 2007), novelty, value, and unexpectedness or surprise (Grace and Maher, 2014), and skill, imagination and appreciation (Colton, 2008).
Each of these qualifications may capture aspects of creativity. But when they are used as criteria for the evaluation
of creativity by human raters, as in the evaluations of processes or products of computational creativity, we need to
validate their relation with the notion of creativity. In this
context it is important to realize that an assessment (rating)
performed by humans is an empirical investigation (behavioral experiment), whether or not the raters are experts or
arbitrary people, and the rating scales used are instruments
of measurement, which need to be validated. For this, it is
not sufficient to argue that the rating scales are based on
some kind of definition (no matter how sound the definition may appear to be).
Recently, Jordanous (2012a, 2012b, 2014) investigated
the question of how creativity of computational creativity
systems is and should be evaluated. Based on an analysis
of the evaluation of creativity in the scientific literature
related to computational creativity, she found that evaluation ratings (if performed at all) were based on criteria set
up by the researchers themselves (or by other researchers
in the literature).
To achieve a more empirical basis for rating computational creativity (i.e., not just derived from the subjective
acceptance by researchers), Jordanous (2012a,b) used a
statistical analysis by comparing word frequencies in scientific articles related to the study of computational creativity with word frequencies in scientific articles related to
other topics. An analysis of this kind is based on the assumption that the meaning of words is related to the context in which the words are used. In particular, the meaning
of a word (or aspects of it) can be determined by finding
other words that co-occur with it statistically more often
than can be expected on the basis on chance (Landauer and
Dumais, 1997).
Based on her analysis, Jordanous (2012a,b) derived a set
of 694 terms that occurred more frequently in the scientific
literature related to computational creativity comparted to
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other, non-related, scientific articles. On the basis of these
words, she derived 14 dimensions on which creativity
could be evaluated.
Here, we investigate the empirical basis for rating (computational) creativity based on empirical (behavioural)
studies with human subjects. After all, ratings of creativity
are conducted by human subjects, so we could also probe
human subjects for the basis of these rating scales. Our aim
is to arrive at a ‘semantic  map’  of  terms related to the notion creativity, which can be used to derive and compare
rating scales for creativity.
To arrive at this semantic map, we conducted a study in
which human subjects were asked to provide terms associated with creativity. Next, the terms associated with creativity   were   used   in   a   ‘reverse’   association   study, to see
whether   terms   like   ‘creativity’ are in turn associated with
these terms. Then, a selected set of words based on both
association studies was used in a card sorting study with
human subjects. The words used in our card sorting study
were augmented with a selected subset of the 694 words
related to creativity based on the analysis of Jordanous
(2012a,b). A card sorting study provides information about
how a set of words are categorized by human subjects.
Using the words based on our association studies, this in
turn provides a prototype for a semantic map related to
creativity.
The remainder of this article is structured as follows.
First, we outline how a set of words was derived as the
basis for the semantic map. Then, we present and discuss
the card sort study used to derive the semantic map. Next,
the prototype of the semantic map based on the card sorting study is presented and discussed. Finally, we present
the conclusions and briefly discuss future work.

Word associations with creativity
As introduced above, we conducted two word association
studies. Word associations are used as a technique in experimental psychology, for example to obtain controlled
stimulus material (Nelson, McEvoy & Schreiber, 2004).
In an association study, a target word is given and subjects are asked to produce words associated with the target.
In a free association study a subject can give an unlimited
number of associated words. In a restricted or discrete association study, the number of association words is restricted beforehand (in case of a discrete study, only one
associated word can be given). A problem with a free association study is the occurrence of a chain of associations, in
which (new) associated words are given not because they
are associated with the target word but instead are associated with a previously given associated word. We therefore
used a restricted and a discrete association study.
The aim of our first association study was to derive a set
of terms associated  with  the  word  ‘creativity’. For this, we
conducted a restricted association study. In this study, 36
subjects between the age of 18 and 52 (29 Dutch and 7
German) were asked to give at most three terms associated
with   the   word   ‘creativity’ (either in Dutch or German).
From this list three human raters selected a list of words on

which they all agreed as words associated with creativity.
This resulted in a set of 58 words.
We augmented this list by a selection of words based on
the set of words derived by Jordanous (2012a,b). She analyzed two corpora of texts: one consisting of scientific articles related to the study of creativity and one consisting of
scientific articles not related to the study of creativity. A
statistical analysis revealed a set of 694 terms that occurred
statistically more frequently in the scientific articles related
to the study of creativity. In our study, this set was reviewed by three human raters. They each selected words
from this set that in their view were associated with creativity. The words on which all three raters agreed were
included in the set of words associated with creativity. This
procedure resulted in an initial list of 32 words based on
the list provided by Jordanous (2012a,b).
The list of 58 words obtained in our first association
study included 10 words from the list of Jordanous
(2012a,b) selected by the three human raters (see above).
The list of 58 words included another eight words from the
list of Jordanous (2012a,b) which were not selected by the
three human raters.
In this way, we obtained a list of 80 words to be used in
our second association study. In this list of 80 words, 22
words derived exclusively from the list of Jordanous
(2012a,b), in the manner outlined above; 40 words were
derived exclusively from the list provided by human subjects in our first association study; 18 words co-occurred in
the list of Jordanous and in the human subject list obtained
in our first association study.
In our second association study we used the list of 80
words obtained in our first association study, augmented
with the words selected from Jordanous (2012a,b), to conduct   a   ‘backward’   (or   reverse)   discrete association study.
That is, for each of these 80 words human subjects were
asked to provide one term associated with that word. The
list of words was presented in a randomized order to prevent priming effects. A subject sat in front of a screen and
a keyboard in an isolated cubicle. One word at a time appeared on the screen. The subject then used a keyboard to
type the answer. After that, a new word appeared. The subjects consisted of 50 students between age 19 and 27. None
of them participated in the first part of the study. There
were 29 Dutch and 21 German participants from whom 24
were men and 26 women. There were 25 technical students, 22 social studies students and 3 art students.
The first aim of our second association study was to
obtain ‘reversed’ associations to the words associated with
creativity (the list of 80 words outlined above). In particular, to see  whether  words  like  ‘to  create’,  ‘creative’  or  ‘creativity’ are in turn associated with the words associated
with  the  word  ‘creativity’. A second aim of this study was
to see whether words in the list of 80 words are associated
with each other.
A subset of the list of 80 words gave  a  ‘creativity’  word
(“creativity”,   “creative”   or   “to   create”)   as   a   (reversed) association in our second association study. In this subset,
55% of the words came from the human list derived in our
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first association study, 28% from the list provided by Jordanous (2012a,b) and 17% from both lists. However, the
whole   list   of   ‘reversed’   associated   words   obtained   in   our
second association study was used as one of the lists on
which the words for the card sorting study were based, in
the manner outlined below.

Card sorting study
The list of words obtained in our first association study
(augmented with words from the list of Jordanous) and the
list of words obtained in our second association study were
used to select the words for the card sorting study.

cifically, the word belongs to the word list of our first association study, augmented with words from Jordanous,
2012a,b). Indirect association entails that the word is associated with a word that is in turn associated with creativity
(more specifically, the word belongs to the list of words
obtained in our second association study).
Secondly, a word had to appear more than once as an
answer in our second association study (to avoid the use of
idiosyncratic words in the card sorting study).
Thirdly, the word   could   not   be   the   word   “creative”   or  
any derivative of that base word, because the aim of this
card sorting study was to investigate the internal semantic
structure of the words strongly associated with creativity
without interference from the base word “creativity” itself.
In all, 42 words were selected for the card sorting study.
In the study 40 Dutch participants took part. They did not
participate in any of the previous studies. Figure 1 presents
the words used in the card sorting study and the source
(lists) on which they are based. That is, the source consists
of the list derived from our association studies (H, 19
words); the list of Jordanous (2012a,b) (J, 8 words); or
both lists (B, 15 words).
Card sorting can be used to evaluate how people organize a set of items (Harloff and Coxon, 2006). Figure 2 illustrates a card sorting study with the following set of
words: keyboard, printer, mouse, cat, dog.

Figure 2: Example of a card sorting study

Figure 1. List of words used in the card sorting study
The selection was based on three conditions:
Firstly, a word had to appear in both lists of words.
Thus, a word is considered to be strongly associated with
creativity if that word is both directly and indirectly (reversely) associated with creativity. Direct association entails that the word is associated with creativity (more spe-

In a card sorting study, these words are printed on cards
and subjects are asked to group these cards into categories1. If, in their view, a word cannot be placed in a category, it forms a category on its own. All words have to be
selected in this way. The set of words in figure 2 could, for
example, be grouped as {keyboard, printer, mouse} and
{cat, dog} (selection 1) or as {keyboard, printer} and
{mouse, cat, dog} (selection 2). The number of times (percentage) a particular categorization is chosen determines
the (relative) strength of that categorization.
1

One can also use an online version of a card sorting
study. For an example, see https://conceptcodify.com/
studies/jfvi9n5751vue9bn/via/demo_use_only_not_
recording/
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The results of the card sorting study with our set of 42
word associated with creativity were analyzed with a Hierarchical Cluster Analysis (HCA), using the statistical programming environment R (Salmoni, 2012). The HCA
technique (Coxon, 1999) selects the two highest associated
words (i.e., that most often occur together in a card sorted
group) and replaces them with a single item. The associations of this item with the other words are the average of
those of the two words forming the item. Continuing in this
way, a hierarchical cluster can be obtained of the results of
the card sorting study.

fication of the words related to creativity, because the distances within these subclusters are relatively short compared to the distances between the subclusters.
Figure 4 presents a set of basic clusters of terms associated with creativity, based on the HCA presented in figure
3. They are selected (as indicated by the red line), by using
the same distance from the basis as a selection measure. A
basis for the selection is the observation that item-distances
between clusters are substantially larger than itemdistances within clusters.

Figure 4: Tentative clusters related to creativity

Figure 3: Hierarchical clustering of the 42 words used in
the card sorting study of terms associated with creativity
The results of the HCA on the card sorting data are presented in Figure 3. The hierarchical cluster structure provided by the HCA starts with clusters of one or two words
at the left and ends with two overall clusters at the right.
The horizontal distances in figure 3 provide a measure of
(relative) distance between clusters and subclusters. Short
distances between subclusters (as between the first layer of
clusters at the left of the hierarchy) suggest that they essentially form a larger subcluster. Visual inspection of the
HCA suggests that a set of subclusters to the left of the red
line might provide information about a meaningful classi-

Figure 4 presents six clusters and tentative cluster
names. Perhaps the last two clusters could be combined
into one, given that the item-distances between these clusters and the other clusters are the largest distances of the
hierarchy in figure 3. This would provide the following
five main clusters of items associated with the concept
creativity:
Original (originality)
Emotion (emotional value)
Novelty / innovation (innovative)
Intelligence
Skill (ability)
Before discussing these clusters we present and discuss a
further  analysis  of  the  data  based  on  the  ‘heat  map’  presentation of the results from the card sorting study.
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Heat map of card sorting results
The results of the card sorting study can also be represented in a heat map, in which the color indicates the strength
of the association between two terms.

Figure 5: Heat map presentation of the card sorting results
Figure 5 presents the heat map based on the results of
the card sorting study. The rows and columns in the heat
map represent the words used in the card sorting study
(figure 1). The words in the heat map are arranged in the
order of the HCA analysis presented in figure 3. In this
way, the heat map forms a matrix. The color in each matrix
cell represents the number of times the row and column
word corresponding to the cell belonged to the same group
in the card sorting study. Given that 40 subjects participated in the study, this number can vary between 0 and 40.
The heat map presents this number in terms of a color, varying from light yellow (0) to deep red (40). In the data, the
lowest number was 0 and the highest number was 34. The
heat map is symmetric because the words used in the card
sorting study are represented as rows and as columns. For
this reason, the diagonal in the heat map does not represent
data from the card sorting study.
It is clear that the squares that form groups of words are
related to the clusters in figure 3 (which results from the
fact that the words in the heat map are arranged in the order of the HCA analysis presented in figure 3). For example, in the top left corner there is a 5x5 square that is much
more red (darker) than the yellow around it. This 5x5
square belongs to a group of five words: unconventional,
different, extraordinary, original and unique. If we wanted
to  label  this  group  with  one  name,  it  could  be  ‘original’,  as  
indicated by the cluster name in figure 4. Original is often
referred to in the literature as a characteristic of creativity
(e.g., Hennessey and Amabile, 2010). Also, in the right
corner at the bottom we see a large group that is relatively

distinct from the rest. This is the group that we labeled as
‘skill’   in   figure   4.   This   group   comprises   a   smaller   ‘skill’  
group  and  a  ‘craftsmanship’  group  in  figure  4 (the ‘craftsmanship’  group stands  out  within  the  larger  ‘skill’  group  in  
the heat map). ‘Skill’  has  also  been  related  to  creativity  in  
the literature (e.g., Colton, 2008).
Yet, although the HCA structure in figure 3 and the heat
map in figure 5 are based on the same data, they reveal
different aspects of the semantic map based on the card
sorting study of terms associated with creativity.
The HCA structure shows a metric within and between
the clusters of terms related to creativity. The metric is
given by the (vertical) distance that needs to be travelled in
going from one word to another. So, for example, the
distance between unconventional and innovation is shorter
than that between unconventional and skill. This metric is
not directly revealed in the heat map.
But the heat map shows that a word that belongs to a
group can also be associated to words outside that group.
For example, unconventional belongs to the 5 by 5 group
referred to above, but it also has some association strength
with renewing. These outside associations are not directly
revealed by the HCA structure, due to the forced choice
procedure on which the structure is based. In this way, the
HCA analysis seems to miss the more global structure that
is present in the results (and thus in the heat map). To analyze this more global structure, we analyzed the data in the
heat map using a Principal Component Analysis (PCA).

PCA analysis of the card sorting results
A Principal Component Analysis (PCA) of a set of data
reveals the orientations (axes) along which most of the
variance in the data is found (Jolliffe, 1986; Jackson,
1991). These are referred to as the Principal Components
(PCs). Starting with a covariance or correlation matrix of
the data, a PCA analyses the matrix in terms of its eigenvalues and eigenvectors. The highest eigenvalue corresponds to the PC along which most of the variance in the
data is found. The second eigenvalue then reveals the PC
along which most of the remaining variance is found. This
process continues until all of the variance in the data is
accounted for. Because the eigenvectors are orthogonal, a
PCA shows independent sources of variance in the data.
A PCA starts with a covariance or correlation matrix of
the data. For this we used the data underlying the heat map
expressed in decimal fractions (based on the maximum
possible score of 40). For the diagonal values we used the
score 1.0 based on the assumption that a word is maximally related to itself.
One of the advantages of a PCA is that it allows a reduction of the dimensions underlying the data, by taking into
account only the PCs with the highest eigenvalues.
Figure 6 presents a graph of the eigenvalues of the heat
map data in descending order. This is also known as a
scree graph or scree plot (Jolliffe, 1986). A rule is to use
only the eigenvalues presented by the scree plot in the section before the plot levels off. In this case that would result
in representing the data based on PCs corresponding to the
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five highest eigenvalues (all > 2).

one. In figure 7, the first four PCs also give five groups if
we take the ‘craftsmanship’   and   ‘skill’   groups   as   one. A
comparison between both groupings reveals that they are
quite compatible, although a few noticeable differences
appear. The   ‘original’   group   in   figure   4 is maintained in
figure 7, with the addition of the word renewing, which at
face value seems to be related with these words. The  ‘emotion’  group  in  figure  4 is maintained as well, with the addition of imagination and inspiration (which split off with 5
PCs). So,   ‘emotion’   may   not   be   the   correct   label   for   this  
group.

Figure 6: Scree plot of the eigenvalues in the PCA analysis
of the heat map
A PCA gives the PCs of the highest variance in the data,
but it does not provide an interpretation of a PC (Jackson,
1991). Looking at the heat map, however, it is clear that a
substantial variance in the data results from the difference
between high (red) and low (yellow) values. For a word,
this difference corresponds to belonging to a subcluster
(such as represented in figure 4) or not. It would seem that
the first eigenvalue captures this source of variance. However, every word has both high and low values in the heat
map, so this source of variance does not reveal much about
the ways words belong to difference groups. Furthermore,
when the values in the analyzed matrix are all positive, the
coefficients of the first PC (eigenvector) are all of the same
sign (Jackson, 1991).
Therefore, in figure 7 we present the words in the heat
map in terms of the PCs given by the eigenvalues of the
PCA of the heat map, starting with the second highest eigenvalue. The PCs are all uncorrelated, but the coefficients
of a PC (eigenvector) can be correlated. These correlations
are in particular affected by the signs of the coefficients
(Jackson, 1991). Therefore, we group words by the signs of
their coefficients for a PC. The groupings are presented in
figure 7, in terms of the second to the fifth PC with the
highest eigenvalues, in descending order. In figure 7, the
signs of the coefficients of PC 3 to 5 are represented by the
letters P and N, to indicate that different groups could have
the same sign on that PC.
Figure 7 shows that the second PC (eigenvalue) separates the words in the heat map into two groups. We arranged the words in figure 7 in the manner as they appear
based on 5 eigenvalues. This results in a word order (partly) different from the one found in figures 3, 4 and 5.
However, it is clear that the two groups selected by the
second eigenvalue in figure 7 correspond to the two largest
clusters in figure 3. Thus, the first separation in the heat
map (capturing most of the variance after the first eigenvalue) is between the large   ‘skill’   cluster   in   figure   4 and
the other words (also illustrated with the difference between the large red-like square in the bottom right corner
of the heat map and the other words).
In figure 4 we selected five groups of words based on
the   HCA,   with   the   ‘craftsmanship’   and   ‘skill’   groups   as  

Figure 7: Word clusters based on the first 5 eigenvalues in
the PCA of the heat map
The  more  substantial  changes  are  with  the  ‘novelty’  and  
‘intelligence’  groups  in  figure  4. Five words from the ‘intelligence’  group in figure 4 are maintained in figure 7 together with hunch and resourceful from the   ‘novelty’  
group in figure 7. Five  words  from  the  ‘novelty’  group  in  
figure 4 are maintained in figure 7 together with planning,
process, and difficult from   the   ‘intelligence’   group   in   figure 7.
However, despite these changes there seems to be a substantial overlap in the cluster structure obtained with HCA
and PCA. The difference results from the fact that the PCA
takes the overall structure of the heat map into account.
The clusters as presented in figure 4 and figure 7 could be
seen as a semantic map of words related to each other and,
as clusters, related to creativity. This map could be used as
a basis for the evaluation of creativity.
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Semantic map as a basis for evaluation
The literature provides several characteristic of creativity
that could be used to evaluate processes or products of
computational creativity. As outlined in the introduction
these include terms like novel (novelty), original, unique,
useful, value, typicality, quality, unexpectedness, surprise,
skill, imagination or appreciation.
Many of these are found in the semantic map (figure 4,
7) as well. These include novel (novelty), original, unique,
skill, and imagination. Other words are related to words in
the semantic map. For example, unexpectedness or surprise
are related to unconventional and extraordinary. The fact
that words used in the literature are also found in the semantic map based on empirical investigations underscores
their relation with creativity and justifies their use in assessing creativity.
However, some words reported in the literature are notably absent in the semantic map. One of those is the word
‘useful’.   Although   often   referred   to   as   a   characteristic   of  
creativity (Amabile, 1996; Hennessey and Amabile, 2010;
Fink and Benedek, 2014), it is not found in the semantic
map. This raises the question of whether humans would
qualify useful as related to creativity, and thus as a dimension on which creativity could or should be evaluated.
Because  ‘useful’  did  not  emerge  in  our  word  association  
studies, we could not investigate its relation with the other
terms in the card sorting study. But in a follow up study we
will include ‘useful’  as an item to study its relation to other
words related to creativity and to ‘creativity’ itself in a card
sorting study. The outcome will enhance our insight in the
way useful and creativity are related as seen by human
subjects (instead of by assumption or definition).
One reason of why useful was not included may have
resulted from the fact that we asked for terms associated
with creativity without any further instruction or direction.
It might be that when more specific instructions are given,
for example to relate terms to creativity in a particular task
or domain, terms like useful might appear.
Hence, another venue of research is to investigate semantic maps related to creativity within specific domains
(e.g., music, poetry, architecture), to see if differences between these maps are found. If so, that would argue for
more specific forms of evaluation to be used for these domains.
Yet another venue of research is to investigate whether
semantic maps (whether or not related to specific domains)
also differ between languages. In our association studies
(but not the card sorting task itself) we used both Dutch
and German native speakers. We could not find significant
differences between the two. But this could be related to
the similarity between both languages.
The main clusters as presented in figures 4 and 7 could
be used to develop rating scales for evaluating the creativity of artificial systems and humans. All of the terms in a
cluster could be used as dimensions on which creativity is
rated, each one as an example of the main cluster to which
it belongs. An analysis of the ratings in terms of the cluster
structure could then be related to the clusters found in the

semantic map. That is, if the clusters in the semantic map
reflect the notions that humans have about creativity, they
would also determine the way they evaluate creativity. In
that case, evaluations using terms within a cluster would be
related to each other and between cluster evaluations
would reflect the between cluster structure in the map.
This procedure could also be used for the more domain
specific semantic maps, if they are found. In that case,
these maps could be used for the evaluation of domain specific forms of creativity and the results of the evaluation
could be compared with the structure of the maps.
When more semantic maps are investigated a more
complete structure of the semantic relations with creativity
will emerge. By comparing this with evaluations of creative processes and products (both computational and human) we will develop a more complete picture of how semantic relations with creativity influence the evaluation of
creativity.
The empirically derived semantic maps related to creativity could also be used to develop and evaluate experimental paradigms for investigating the neural basis of creativity. This might begin to unravel the diverse and sometimes apparently conflicting results obtained in the neuroscientific research of creativity (Arden et al., 2010; Dietrich and Kanso, 2010; Sawyer, 2011; Fink and Benedek,
2014).

Effective use of semantic map in evaluation
To use the concepts in the semantic map as tools for evaluation we need to develop and test rating scales based on
these concepts. Here, a number of considerations play a
role and should be addressed.
The first one is the number of rating scales that can be
used effectively. Using all concepts in the map would result in a large set of scales that could be ineffective. We
can study this by using the rating scales based on these
concepts in pilot evaluations and compare the scales using
factor analysis. In this way we can investigate again
whether concepts from the same cluster are used in the
same way in an evaluation. If so, these rating scales could
then be used as alternatives between evaluations. Or they
could be used as alternatives within an evaluation (between
or within subjects).
The second one concerns the subjects that would perform an evaluation. One option is to use experts in a given
domain. Another option is to use the users of a domain in
an evaluation. Here, given that the subjects in our studies
were students, one can think of creative domains like visual art in gaming (and movies), dance music (and other
forms   of   ‘pop’   music)   and   the   use   of   new   media   like  
YouTube. Students certainly are involved here as users,
and users to a large extent determine success in these domains and thus the way in which these domains develop. It
is too simple to argue that only experts determine how
forms of creativity develop. Users play a substantial role in
that too (as they have also done in the past).
Given a set of rating scales, we can also compare evaluations by experts with that of users. An interesting topic

Proceedings of the Sixth International Conference on Computational Creativity June 2015

100

of research here is whether experts in a domain would have
a different conceptual structure related to creativity compared to users or whether they would have a similar conceptual structure (as in the semantic map) but would use it
differently in an evaluation. This could consist of a different factorization of the rating scales with evaluations performed by experts compared to users.

Conclusions
An empirical basis for the evaluation of creativity is needed because evaluations, as conducted by human raters, are
empirical investigations. Hence, the assumptions underlying these investigations, such as the rating scales used,
need to be validated. We presented a semantic map of
terms related to creativity based on human association and
card sorting studies. The semantic map as presented here
can be further developed by investigating domain specific
aspects of terms related to creativity and the use of other
terms often reported as related to creativity in the literature.
To derive the semantic map in the card sorting study, we
augmented the words based on our human association studies with words reported in the literature that were based on
a statistical analysis. Interestingly, there is an overlap in
the set of words formed by the two methods, but there are
also some differences. Further investigations could reveal
how these methods are related and if they are both needed
(as complements) to arrive at more objective procedures
for the evaluation of computational (and human) creativity.
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