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Abstract Divergent thinking has often been used as a proxy
measure of creative thinking, but this practice lacks a founda-
tion in modern cognitive psychological theory. This article
addresses several issues with the classic divergent-thinking
methodology and presents a new theoretical and methodolog-
ical framework for cognitive divergent-thinking studies. A
secondary analysis of a large dataset of divergent-thinking
responses is presented. Latent semantic analysis was used to
examine the potential changes in semantic distance between
responses and the concept represented by the divergent-
thinking prompt across successive response iterations. The
results of linear growth modeling showed that although there
is some linear increase in semantic distance across response
iterations, participants high in fluid intelligence tended to give
more distant initial responses than those with lower fluid in-
telligence. Additional analyses showed that the semantic dis-
tance of responses significantly predicted the average creativ-
ity rating given to the response, with significant variation in
average levels of creativity across participants. Finally, seman-
tic distance does not seem to be related to participants’ choices
of their own most creative responses. Implications for cogni-
tive theories of creativity are discussed, along with the limita-
tions of the methodology and directions for future research.

Keywords Creativity . Semantic distance . Divergent
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Perhaps the most common task paradigm for investigating cre-
ativity across psychological domains is the verbal divergent-
thinking task. The best-known example is the alternative-uses
task, during which a participant is given a prompt object (e.g., a
brick) and asked to generate as many alternative1 uses for the
object as possible (i.e., uses other than for building a house or a
wall) within some unit time. Task performance is generally
quantified in terms psychometric summary scores: fluency, the
number of nonrepeated items per participant; flexibility, the
number of category switches among the responses; and original-
ity, scored either in terms of the infrequency of the participants’
responses within the sample or in terms of the judgments of a
team of raters. In responding to a Bbrick^ prompt, a participant
might generate the following set of responses: to build a bridge,
as a paperweight, or as a decoration. This participant’s fluency
score would thus be 3; according to the coding scheme for
flexibility, the number of switches would be 2; and the partici-
pant’s originality score would be some function of the relative
frequencies or ratings of each of the responses.

In this article, I argue that the psychometric approach to
divergent-thinking task analysis is limited in its ability to
answer fundamental questions about the cognitive under-
pinnings of divergent thinking, and of creativity more
broadly defined. A central question in both the creativity
and cognitive psychology literatures is how existing
knowledge is operated upon to produce novel solutions to
common problems (e.g., Chan & Schunn, 2015; Chrysikou
& Weisberg, 2005; Ward, Smith, & Vaid, 1997; Weisberg,
2006; Weisberg & Hass, 2007). The existing systems for
summary scoring described above cannot, in themselves,

1 The word Balternative^ is used here as is standard in the current litera-
ture, though the task instructions vary across studies, including instruc-
tions to Bbe creative^ (Nusbaum, Silvia, & Beaty, 2014), Bgive unusual
responses,^ and so forth.
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illuminate the process by which participants produce each
response. As an example of the power of moving beyond
summary scores, Gilhooly, Fioratou, Anthony, and Wynn
(2007) used think-aloud protocols to track participants’
retrieval strategies while they generated alternative uses
for several objects. Protocol analyses revealed that early
in response generation, people seemed to retrieve experi-
enced uses (e.g., using a hanger to scratch your back),
Bunmediated^ (p. 616) by long-term memory, but later in
response generation, people generated either broad seman-
tic uses (e.g., using a shoe as a weapon), uses based on the
properties of an object (e.g., using a brick as a pillow), and
in some cases disassembling the object and using its con-
stituent parts (e.g., using only the laces of a shoe). This
suggests that during alternative-uses tasks, and likely in
divergent-thinking tasks more broadly, participants’ cogni-
tion is dynamic. This is contrary to Guilford’s (1967) psy-
chometric explanation of divergent thinking as a unitary
ability, and suggests that divergent-thinking tasks do not
simply involve thinking in Bmultiple directions.^ Rather,
response generation during divergent-thinking tasks might
better be explained in terms of the dynamics of semantic
memory retrieval.

As such, the central goal of this study was to probe whether
the semantic analysis of divergent-thinking responses, via la-
tent semantic analysis (Landauer & Dumais, 1997), is an ap-
propriate method for examining changes in the conceptual
content of responses as a function of response order. Apart
from the trends described in the verbal protocols collected
by Gilhooly and colleagues (2007), serial-order effects have
been observed in divergent-thinking tasks (e.g., Beaty &
Silvia, 2012). However, this analysis was the first to examine
the serial-order effect in divergent thinking using a cognitive
theory of semantic memory. It also represents a methodolog-
ical step toward including divergent-thinking task analysis
within the purview of cognitive techniques for measuring cre-
ative thinking.

The remainder of the article is organized as follows:
First, the limitations of the summary score approach to
divergent-thinking task analysis will be described more
completely. This will include a review of recent attempts
to amend divergent-thinking methodologies by removing
the stipulation of multiple responses. I will argue that this
is not a necessary amendment to the task. Instead, requir-
ing multiple responses and then examining the dynamics
of the semantic content of those responses across itera-
tions can reveal much more about the cognitive underpin-
nings of divergent thinking than can single-response par-
adigms. In making this argument, important details of
latent semantic analysis, including critiques of the theory,
will be explained. Finally, the implications of such a
method with regard to existing neuroscientific studies of
divergent thinking will be discussed.

Limitations of summary scores and single-response
paradigms

Divergent-thinking tasks and the scoring systems used to
quantify performance were developed in the 1950s and
1960s, and generally remain unchanged. According to one
estimate, approximately 55 % of studies of childhood creativ-
ity conducted between 1962 and 2014 defined creativity in
terms of some combination of these scores (Hass, Toub,
Yust, Hirsh-Pasek, & Golinkoff, 2015). The percentage of
studies that have used the alternative-uses task, or some other
measure of divergent thinking, is likely similar across studies
using adult samples, though at the time of writing no exact
estimate is available. Regardless, divergent-thinking tasks
such as the alternative-uses task have become prevalent in
recent neuroscientific research on creativity, with conflicting
results regarding the importances of different brain areas (see
Dietrich & Kanso, 2010). There is some consensus about the
importances of both the executive network of the brain (i.e.,
the dorsolateral prefrontal cortex and the anterior cingulate
cortex) and the brain’s so-called default mode network
(including the medial prefrontal cortex, posterior cingulate
cortex, precuneus, and temporal parietal junction, among
other areas; see, e.g., Beaty, Benedek, Silvia, & Schacter,
2016; Heinonen et al., 2016; Jung, Mead, Carrasco, &
Flores, 2013) for divergent thinking. In addition, many re-
searchers have demonstrated a positive relationship between
measures of fluid intelligence, especially performance on
Raven’s Progressive Matrices, and divergent-thinking perfor-
mance (e.g., Beaty & Silvia, 2012; Nusbaum & Silvia, 2011;
Prabhakaran, Green, & Gray, 2014; Silvia, 2008). However,
all of these analyses were limited by an exclusive focus on
summary scores of divergent thinking.

The reason that summary scores limit our understanding of
the underlying cognitive processing involved in divergent
thinking is that the scoring systems were not devised to quan-
tify the cognitive processes involved in producing responses.
Instead, they were created to differentiate between individuals
on the basis of latent intellectual factors theorized to be im-
portant for creativity (e.g., Guilford, 1967; Torrance, 1979).
Cognitive psychologists largely sidestepped the problems
with divergent-thinking summary scoring by developing
single-response paradigms (but see Jansson & Smith, 1991).
These paradigms include solving insight problems (e.g.,
Gupta, Jang, Mednick, & Huber, 2012; Kounios & Beeman,
2009) and solving ill-structured problems (e.g., Ward, 2008;
Ward, Dodds, Saunders, & Sifonis, 2000, Exp. 2). Though
these analyses were rooted in cognitive theory (usually in
fixation, restructuring, and conceptual organization), partici-
pants generated only a single response or solution. If think-
aloud protocols were not taken during solutions (cf.
Chrysikou & Weisberg, 2005; Gilhooly et al., 2007), again,
the idea generation process remained somewhat hidden.
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As an illustration of the power of collecting multiple re-
sponses, Smith, Huber, and Vul (2013) asked participants to
generate multiple candidate answers to remote-associates
problems (Mednick, 1962; see also Bowden & Jung-
Beeman, 2003). These problems consist of three cues (e.g.,
Bpine,^ Bcrab,^ Bsauce^), and participants must find a fourth
word that can be combined with each of the three to form an
English phrase or compound word (in this case, Bapple^).
Smith and colleagues showed evidence of sequential depen-
dency among the response arrays, such that each response
iteration was highly semantically related to the previous iter-
ation, but semantic similarity declined as the iterations became
more distant in time. They also showed that the three cue
words defined a constrained semantic space in which partici-
pants searched for responses. That is, they were able to show
that prior knowledge constrained the search for responses, but
also that there was a level of randomness in people’s naviga-
tion through their search spaces. This level of analysis of the
task would not have been possible without multiple response
iterations.

Finally, in addition to that of Gilhooly and colleagues
(2007), two other studies (Beaty & Silvia, 2012; Heinonen
et al., 2016) more recently have examined serial-order effects
in divergent thinking. Both of these studies leveraged the fact
that divergent-thinking tasks require response iteration. Beaty
and Silvia found that originality generally increased as a func-
tion of response order on a task based on imagining alternative
uses for a brick. They also found that people scoring high on
fluid intelligence showed less of a serial-order effect. That is,
high fluid intelligence scores were associated with greater
originality earlier in participants’ response arrays. Beaty and
Silvia further claimed that an executive control process
operates on semantic memory activation to help people avoid
high-frequency (i.e., low-originality) responses during diver-
gent thinking. Heinonen and colleagues did not examine the
response content, but showed that participants responded at
slower rates as responding continued (see also Hass, 2016).
However, since neither study examined semantic aspects of
the responses themselves, it remains to be determined whether
fluid intelligence is directly associated with semantic memory
access.

Semantic memory and creativity

Other authors have described a fundamental relationship be-
tween creative thinking and semantic memory (e.g., Abraham,
2014; Beaty, Silvia, Nusbaum, Jauk, & Benedek, 2014;
Kenett, Anaki, & Faust, 2014; Ward, 2008). It should also
be noted that single-response paradigms can certainly test
semantic-memory hypotheses (e.g., Chrysikou &
Thompson-Schill, 2011; Prabhakaran et al., 2014; see also
Green, 2016). In an article advocating such a methodology,

Prabhakaran and colleagues asked people to generate single
verbs as creative responses to noun prompts. The authors an-
alyzed the semantic relations between the prompts and the
responses using latent semantic analysis (LSA; see, e.g.,
Landauer & Dumais, 1997). LSA is a distributional semantics
technique in which the meaning of a word is captured in terms
of its co-occurrences with other words in the documents com-
prising a large linguistic corpus. The result is a vector repre-
sentation of a word in terms its Boccurrence^ in a reduced set
of Blatent^ documents (factors). This reduced representation
has been shown to account for the results of many studies of
semantic memory, notably for word association (for a review,
see Landauer & Dumais, 1997), but has also been criticized as
not being an optimal model for learning and language devel-
opment (Steyvers & Tenenbaum, 2005). Prabhakaran and col-
leagues found that participants’ mean semantic distance
scores, on a subset of trials in which they were explicitly told
to be creative, significantly correlatedwith summary scores on
traditional divergent-thinking tests, and also with judges’
scores of creativity on a story-writing task. Additionally, the
Bcreative^ semantic distance scores correlated with measures
of intelligence and with accuracy on a three-back working
memory task.

Though Prabhakaran and colleagues (2014) did not track
semantic distance across successive response iterations, the
relationship between semantic distance and other creativity
measures is encouraging. Indeed, a few authors have
experimented with the use of LSA to quantify semantic dis-
tance within the context of divergent-thinking tasks (Dumas&
Dunbar, 2014; Forster & Dunbar, 2009; Harbison &
Haarmann, 2014). All of those studies have shown that the
semantic distance of divergent responses relates to the judg-
ments of creativity or originality given to those items by hu-
man raters. Taken together with the construct validity that
Prabhakaran and colleagues presented regarding LSA-
derived semantic distances, such a measure seems to have
the potential to illuminate cognitive processing during diver-
gent thinking.

The present study

As was discussed, summary scores of divergent-thinking per-
formance seem to obscure the underlying idea generation pro-
cess. A potential solution would be to analyze the semantic
properties of successive responses to illuminate the idea gen-
eration process with regard to human semantic memory. Two
important points of departure separate the present study’s use
of LSA for semantic analysis and the three studies discussed
above. First, the previous studies did not examine temporal
patterns of semantic distance. Given the results presented by
Gilhooly and colleagues (2007), one would imagine that the
semantic distance between the divergent-thinking prompt and
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subsequent responses would not remain constant (see also
Beaty & Silvia, 2012). Second, the present study was focused
on how successive divergent-thinking responses related, se-
mantically, to the prompt concept (e.g., a brick). This was
more in line with the technique of Prabhakaran and colleagues
(2014), who computed the semantic distance between the
nouns used as prompts (e.g., Bumbrella^) and the responses
(e.g., Bpoking^). In contrast, Forster and Dunbar (2009) com-
pared participants’ divergent-thinking responses to a set gen-
erated by an independent group of participants who were
instructed to generate Buncreative^ responses. This is impor-
tant, because distance in semantic space is relative to the
points of comparison. To make LSA-derived distances useful
for creative-cognition studies, the target concepts from which
the participants’ responses Bdiverge^ must be fixed and must
represent the type of general knowledge that is tapped during
divergent thinking. Thus, the prompts used in this study were
represented in semantic space in terms of composite dictio-
nary definitions (see Table 1).

Finally, the analysis was carried out using a preexisting
dataset, collected and analyzed by Silvia and colleagues
(2008) for the purposes of systematizing divergent-thinking
originality scoring. The subjective rating system used to score
originality was shown to be reliable, and provides a good
metric against which semantic distance can be compared.
That dataset also included measures of fluid intelligence—
used currently to replicate Beaty and Silvia’s (2012) results
regarding the interaction of fluid intelligence and the serial-
order effect—and participants’ choices of their Btop two^
most creative responses on each divergent-thinking task. The
latter offered an opportunity to explore the relationship be-
tween semantic distance and participants’ perceptions of the
creativity of their own responses.

To summarize, the analytic goals for this study were
(1) to explore the relationship between subjective creativ-
ity scores and semantic distance scores by using LSA and
a fixed representation of the category of the divergent-
thinking prompt; (2) to test the generalizability of the
serial-order effect in terms of semantic distance and probe
its relation to fluid intelligence; and (3) to provide prelim-
inary analysis of participants’ own response evaluations in
terms of semantic distance.

Method

Data preparation and variable definitions

Existing data The dataset was data collected as a part of the
Creativity and Cognition Project at the University of North
Carolina, Greensboro (see Silvia et al., 2008), and was obtain-
ed from that first author via his website (www.uncg.edu/~p_
silvia) and subsequent personal communications. A complete
description of the data collection procedure appears in the
article by Silvia and colleagues (2008) and will not be repeat-
ed here, except for some relevant details that are summarized
below.

Divergent-thinking dataA total of 226 undergraduates com-
pleted a battery of pencil-and-paper tests in groups of one to
ten under supervision of laboratory experimenters. Of interest
to the present analyses are the responses on four divergent-
thinking tasks—alternative uses for a brick, alternative uses
for a knife, instances of round things, and instances of things
that make noise. The instructions for the two alternative-uses
tasks were as follows:

For this task, you should write down all of the original
and creative uses for a brick that you can think of.
Certainly there are common, unoriginal ways to use a
brick; for this task, write down all of the unusual, crea-
tive, and uncommon uses you can think of. You’ll have
three minutes (Silvia et al., 2008, p. 72).

The instructions for the instances tasks were identical, ex-
cept that they called for participants to think, for example, of
Bunusual, creative, and uncommon^ things that are round.

Three trained raters independently gave subjective creativ-
ity ratings (henceforth, simply creativity ratings) to each re-
sponse. Participants also circled the top two responses in their
arrays for each task. For the present analysis, the creativity
ratings were averaged across raters to simplify the linear
modeling. The top-two designation was retained as a categor-
ical variable for the purpose of exploring the relationships
among top-two choice, semantic distance, and response order.

Table 1 Phrases used to construct the LSA representations of the four divergent-thinking prompts

Divergent-Thinking
Prompt

LSA Phrase Representation

Brick (alternative uses) a small, hard block of baked clay that is used to build structures such as houses and sometimes to make streets and paths

Knife (alternative uses) a usually sharp blade attached to a handle that is used for cutting or as a weapon

Things that make noise a loud or unpleasant sound that someone or something makes or unwanted electronic signals that harm the quality of
something

Things that are round shaped like a circle ball, or a cylinder, having curves rather than angles
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Fluid intelligence, verbal fluency, and strategy fluency In
addition, the dataset included the measures of fluid intelli-
gence, verbal fluency, and strategy formation analyzed by
Nusbaum and Silvia (2011). Again, only the relevant details
of that study are reproduced here. Fluid intelligence was mea-
sured with three tasks, which evaluate the ability to adapt to
rule changes: Ravens Advanced Progressive Matrices (18
items, 12 min total), a letter sets task (identifying which set
of letters violates a rule held by the others; 16 items, 4 min),
and a paper-folding task (deciding how a piece of paper would
look if folded, punched with a hole, and then unfolded; 10
items, 4 min). Each participant’s performance was scored in
terms of numbers of correct items on each measure. For the
purpose of analysis, these scores were transformed into z
scores and averaged to create a single fluid intelligence vari-
able for each participant.

Four tasks measured verbal fluency: naming words that
begin with the letter Bf,^ words that begin with the letter
Bm,^ animals, and occupations. Participants generated verbal
responses for 2 min per item. These fluency scores were av-
eraged for each participant and then, due to significant
skewing, log-transformed for the present analysis, to form a
single verbal fluency variable for each participant.

Three other tasks measured strategies for producing verbal
fluency responses: strategies for thinking of body parts, foods,
and countries. As in the verbal-fluency tasks, participants
were given 2 min per category. These scores were not skewed,
and thus were averaged and transformed into z scores to create
a single strategy variable for each participant.

Semantic distance Latent semantic analysis was performed
using the tools hosted at lsa.colorado.edu (for more
information, see Landauer & Dumais, 1997, and the
documentation on the website). Analysis was performed using
the data from the TASA corpus, which was compiled to rep-
resent the semantic information a human would learn between
first grade and entry to college. The Bone-to-many^ LSA tool
was used to compare each divergent-thinking response from
the dataset to a target phrase—a composite description of the
divergent-thinking prompt compiled from the Merriam
Webster Dictionary (www.merriam-webster.com/dictionary;
see Table 1) in document space. In comparing documents (i.e.,
phrases), LSA first computes the centroid of the word vectors in
each document—here, a kind of semantic blending or
average—and then computes the cosines between the vectors,
which can range from −1 to 1. This represents the similarity of
two vectors, such that the cosine of the angle between two
identical vectors is 1, the cosine of two orthogonal (i.e.,

unrelated) vectors is 0, and the cosine of two vectors pointing
in opposite directions is −1. The cosine similarity values were
then transformed into distances by subtracting each from 1,
which follows procedures used by other researchers (e.g.,
Dumas & Dunbar, 2014; Prabhakaran et al., 2014).

Prior to the analysis, all responses were manually spell-
checked, and a set of stop-words2 was removed using func-
tions from the Btm^ package (Feinerer, Hornik, & Meyer,
2008) in the R statistical programing environment (R
Development Core Team, 2016).

One issue not addressed by previous authors was whether
or not the 300-factor LSA model is best for this type of data,
though it works well for representing the meanings of single
words (Landauer & Dumais, 1997). Thus, before testing the
hypotheses, the cosine similarities were computed and con-
verted to distances for LSA solutions using 50, 100, 150, 200,
250, and 300 factors, all from the TASA corpus.

Figure 1 plots the strengths of the correlations between the
distance and originality scores across the different factor solu-
tions. The highest correlations between LSA distances and
rated originality were found on the two alternative-uses tasks.
Interestingly, the 100-factor LSA distances correlated highest
with originality ratings from the brick task, whereas the 100-
factor solution did not perform well on the other tasks. The
300-factor solution seemed to be a good compromise for the
alternative-uses tasks, because this solution yielded the
highest correlation with LSA distances on the knife task.

The 300-factor distances did not correlate very highly with
creativity ratings on the two instances tasks. Indeed, these
tasks required participants to list instances of objects, and it
has been suggested that participants approach these tasks as
category/semantic-fluency tasks rather than as divergent-
thinking tasks per se (Hass, 2015). Coupled with the large
differences in the strengths of the correlations across the two
instances tasks for the 300-factor solution, and the possibility
that these tasks might not be interpreted as requiring creative
thinking, they were dropped from further analysis.3 Figure 2
shows the frequency distributions of the 300-factor LSA se-
mantic distance scores for the two alternative-uses tasks.
Table 2 lists descriptive statistics for both the creativity rat-
ings, and the semantic distance scores for each prompt.

Results

All statistical analyses were performed using R (R
Development Core Team, 2016). Because of the skewness
found in both the distance and originality scores, the
Bayesian multilevel modeling procedures given by Finch,
Bolin, and Kelley (2014), and implemented using the2 The LSA analyzer ignores stop-words, so the dictionary definitions

were not prepared in this way. The reason to remove stop-words from
the responses was so that a smaller number of unique responses from the
participants’ data could be fed into the LSA analyzer.

3 The exclusion of these tasks did not change the results of either of the
hypothesis tests included in the next section.
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BMCMCglmm^ package (Hadfield, 2010) in R, were used to
examine the effects of interest: the relationship between se-
mantic distance and originality ratings, and the serial-order
effect. The MCMCglmm algorithm uses noninformative nor-
mal priors for estimating coefficients and intercepts, and
Wishart priors were used for the variance/covariance compo-
nents. The default MCMCglmm settings—13,000 iterations

with a burn-in of 3,000 and a thinning of 10—were used,
and all models were checked for convergence and autocorre-
lation of the estimates. In all cases the models converged, with
low autocorrelation of the estimates across iterations.

Examining the distance–creativity relationship

The first model examined the relationship between semantic
distance and creativity ratings with a random intercept for each
participant. This provided a better estimate of the true correla-
tion between originality and semantic distance than those given
in Fig. 1. The posterior mean for the distance coefficient was
.51 (95 % Bayesian credible interval: .39, .64), showing that
semantic distance significantly predicted creativity ratings in
the positive direction. There was significant variance in the
participant-level intercepts, such that the posterior mean for
the variance estimates was .047 (95 % Bayesian credible inter-
val: .036, .061). The latter is evidence of significant individual
differences in the average creativity ratings per participant, and
explains the difference between the correlations in Fig. 1 and
the regression coefficients from the multilevel model.

The second model examined the effect of task as a level-2
variable and the cross-level interaction between task and dis-
tance, again with a random effect of participant and the crea-
tivity rating as the criterion variable. As in the first model, the
Creativity Rating ~ Semantic Distance slope was significant.
No cross-level interaction was apparent between task and dis-
tance, meaning that there was no significant variation in the

Brick Knife

0

2

4

0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0

Semantic Distance

de
ns

ity

Fig. 2 Frequency distributions and densities of semantic distances on all four divergent-thinking tasks

0.05

0.10

0.15

0.20

0.25

100 200 300

LSA Factor

C
or

re
la

tio
n 

w
ith

 R
at

er
 A

ve
ra

ge

task

AU Brick

AU Knife

IN Noise

IN Round

Fig. 1 Summary correlations of semantic distances with subjective
creativity ratings across different latent semantic analysis (LSA) factor
solutions

238 Mem Cogn (2017) 45:233–244



linear relationship between creativity ratings and semantic
distances across the two tasks (see Fig. 3). It is important to
note that Fig. 3 is aggregated across participants with varia-
tions in mean creativity rating, so the noise present in the
figure is accounted for by the model (see Table 3).

Serial-order effect

A growthmodel for semantic distancewas assembled to probe
linear and nonlinear serial-order effects. Orthogonal linear and
quadratic terms for response order were constructed using the
Bpoly^ function in R. For the first model, semantic distances
were regressed on the linear and quadratic response order

terms, with a random intercept for each participant. There
was a significant linear serial-order effect (posterior mean co-
efficient = .62, p < .001; 95 % credible interval: .30, .94), but
no significant quadratic serial-order effect (posterior mean co-
efficient = −.18, p = .25; 95 % credible interval: −.47, .15).

Fluid intelligence, verbal fluency, and strategies Since only
the linear serial-order effect was significant, the remaining
tests of the effects of fluid intelligence, verbal fluency, strate-
gy, and prompt utilized only the linear serial-order term. In

Table 2 Descriptive statistics for semantic distances (latent semantic
analysis 300-factor solution) and creativity ratings across the two alterna-
tive uses (AU) tasks, at the level of each individual response

Task Nresponses M SD Median Skew Kurtosis

AU – Brick

Semantic distance
(300 factors)

1,738 0.92 0.13 0.96 −1.47 1.81

Creativity rater
average

– 1.68 0.56 1.67 1.16 2.45

AU – Knife

Semantic distance
(300 factors)

1,682 0.85 0.17 0.91 −1.11 0.57

Creativity rater
average

– 1.71 0.53 1.67 1.14 3.08
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Fig. 3 Scatterplots of semantic distances and subjective scores. Plots are aggregated across participants and do not show variation in the participant-level
intercepts

Table 3 Bayesian estimates for the relationship between distance and
originality as moderated by task

Model Term Posterior
Mean

Lower
CI

Upper
CI

pMCMC

Model for the Intercept

Grand mean 1.04 0.84 1.23 –

Knife task 0.25 0.03 0.49 .018*

Model for the Originality - Distance Slopes

Mean Originality -
Distance slope

0.70 0.48 0.89 <.001

Knife task −0.20 −0.44 0.06 .130

Variance Estimates

Intercept variance per
participant

0.047 0.034 0.059 –

Level 1 variance 0.239 0.227 0.251

Limits are for the 95 % Bayesian credible intervals (CIs)
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addition, the linear term was rescaled by setting the first re-
sponse to 0. This allowed for a straightforward interpretation
of the intercept estimates as estimates of the initial distance, or
the semantic distance of the first response.

Table 4 lists the results of two models that built on the basic
linear growth model for distance across response orders. The
top of the table gives the estimates for a serial-order model
with fluid intelligence, verbal fluency, and strategy scores
predicting initial semantic distance, and also cross-level inter-
actions between the three intelligence measures and response
order. The results were surprising, in that the serial-order ef-
fect vanished (posterior mean = .008), whereas fluid intelli-
gence significantly predicted the initial semantic distances in
the positive direction.

The bottom of the table shows that when the effect of task
was added to the model, the serial-order effect remained non-
significant, but the effect of fluid intelligence remained signif-
icant. Additionally, the table shows that participants began the
knife task by giving less distant responses from the prompt
than in the brick task. The deviance information criterion
(DIC) is given for each model, with the second model produc-
ing a lower (more negative) result, which favors that model.

Top two Finally, it is of interest to explore whether or not
people are sensitive to variations in the semantic distances of
their own responses when they make choices of their top two
responses. This analysis is purely descriptive and exploratory,
since there is much more to be understood about how people

Table 4 Bayesian estimates for two models of semantic distance

Model Term Posterior Mean Lower CI Upper CI p

Gf-only Model (DIC = −2,890.26)
Model for Initial Semantic Distance

Grand mean 0.856 0.676 1.034 –

Fluid intelligence 0.018 0.004 0.031 .008*

Verbal fluency 0.005 −0.053 0.065 .852

Strategy fluency 0.012 −0.004 0.026 .118

Model for Slopes

Mean slope 0.008 −0.023 0.039 .564

Fluid intelligence −8.86×10−5 −0.002 0.003 .986

Verbal fluency −0.002 −0.012 0.008 .724

Strategy fluency −5.37×10−4 −0.003 0.002 .704

Variance Components

Intercept variance per participant 0.002 0.001 0.003

Level-1 variance 0.022 0.021 0.023

Gf+ Task Model (DIC = −3,028.77)
Model for Initial Semantic Distance

Grand mean 0.897 0.714 1.049 –

Fluid intelligence 0.017 0.005 0.030 .016*

Verbal fluency 0.003 −0.052 0.059 .940

Strategy fluency 0.012 −0.002 0.026 .106

Knife task −0.075 −0.090 −0.060 <.001*

Model for Slopes

Mean slope 0.004 −0.021 0.032 .782

Fluid intelligence −5.51×10−6 −0.003 0.002 .988

Verbal fluency −7.39×10−4 −0.010 0.007 .874

Strategy fluency −3.59×10−4 −0.003 0.002 .756

Knife task 0.003 −0.001 0.006 .060

Variance Components

Intercept variance per participant 0.0017 0.0011 0.0024 –

Level-1 variance 0.021 0.019 0.022 –

The model at the top of the table is nested within the model at the bottom of the table. Rescaling of the predictors yielded estimates of the semantic
distance of the first response, and for the rate of change as iterations progress. CI, 95 % Bayesian credible interval; DIC, deviance information criterion
(lower [= more negative] is better)
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monitor and evaluate the results of their own response gener-
ation processes. Figure 4 shows the cross-tabulations of fre-
quencies of the top-two and non-top-two responses by re-
sponse order. Chi-square tests of independence showed that
participants’ choices of their top two did not depend on re-
sponse order on either the brick task [χ2(22) = 20.08, p = .58]
or the knife task [χ2(18) = 28.78, p = .05]. Regarding semantic
distance, Fig. 5 shows that the distribution of semantic dis-
tances for top-two scores was more compact for top-two re-
sponses, but that the medians of both distributions were rela-
tively equal.

Discussion

The goal of this analysis was to describe a theoretical and
methodological framework for understanding the response
generation processes that operate during divergent-thinking
task performance. Some of the results were consistent with

prior research, but others were not. First, LSA-derived seman-
tic distances correlated with creativity ratings on only two of
the four divergent-thinking tasks examined in the dataset. This
is consistent with prior research, but the correlations were
lower than in previously reported results (e.g., Harbison &
Haarmann, 2014), in which LSA-derived distances correlated
with subjective creativity ratings in the range of r = .40.
However, testing the relationship via multilevel modeling re-
vealed that semantic distance was a significant predictor of
subjective creativity ratings when the nesting of responses
within participants was part of the model. That is, there was
a significant positive relationship between semantic distance
and the creativity rating at the level of each response.

The positive relationship between fluid intelligence and the
initial semantic distance of responses is consistent with the
results presented by Beaty and Silvia (2012). However, in
the present analysis the relationship between fluid intelligence
and initial semantic distance rendered the serial-order effect
nonsignificant. This was likely due to the strong relationship
between fluid intelligence and semantic distance, and also to
the fact that Beaty and Silvia used a 10-min time limit, which
may have intensified the serial-order effect. On the other hand,
it could be that the change in metric—from creativity ratings
to semantic distance—was responsible for the lack of a strong
serial-order effect. That is, it might be that semantic distance
serves to anchor the beginning of the iteration process a cer-
tain distance away from the concept represented by the
prompt, as a sort of heuristic to ensure the novelty of
responses. After that adjustment, successive iterations may
not yield linear increases in semantic distance. The explorato-
ry analysis of the nature of participants’ top two responses
suggested that people were just as likely to choose early as
to choose later responses as their most creative ones. That
is, originality and semantic distance are not equivalent,
nor should they be. Originality is a subjective construct, likely
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influenced by cognitive and cultural forces (Csikszentmihalyi,
1999). However, the goal of the analysis was not to equate
semantic distance and originality, but to explore whether se-
mantic distance changed as a function of response order.

Implications of the semantic distance–fluid intelligence
relationship

Like Beaty and Silvia’s (2012) results, the present analysis has
revealed more links between semantic memory and fluid in-
telligence. But what role does fluid intelligence play in the
idea generation process? As was described above, in a large
body of research fluid intelligence and other, related cognitive
abilities (e.g., switching, updating, and inhibition) have been
found to predict divergent-thinking summary scores (see
Benedek et al., 2014, for a review). These relationships are
central to recent neuroscientific explanations of creative cog-
nition. As was stated earlier, an emerging theory of creativity
and the brain is that the structures that comprise the default
mode network support the type of self-directed thought re-
quired during divergent thinking, whereas executive regions
of the brain are involved in the direction and evaluation of the
procedure as a whole. If it is assumed that the executive con-
trol–default mode network theory is accurate, that means that
one role of the executive systemmight be to adjust the seman-
tic content of potential responses, at the start of the divergent-
thinking process. This is consistent with data linking the gen-
eration of highly unusual divergent-thinking responses to ac-
tivity in the inferior frontal gyrus and temporal poles
(Abraham et al., 2012; Chrysikou & Thompson-Schill,
2011). Thus, the results of the present analysis suggest that if
fluid intelligence measures the functioning of executive
control centers in the brain, then the better those areas
function, the more likely one is to begin the iteration process
with distant ideas. Indeed, Kenett, Beaty, Silvia, Anaki,
and Faust (2016) showed that levels of fluid intelligence and
levels of creative achievement—assessed via the Creative
Achievement Questionnaire (Carson, Peterson, & Higgins,
2005)—were differentially related to semantic memory
organization, as assessed via semantic network analysis.
Particularly, participants who demonstrated high fluid intelli-
gence and high levels of creative achievement tended to have
more flexible and less structured semantic networks.

Limitations and remaining questions

What remains to be explained is how the remainder of the
iteration process unfolds during divergent-thinking tasks.
According to the present results, participants continue to iter-
ate responses that are distant from the prompt, but not neces-
sary qualitatively better or quantitatively more distant than
those earlier in the iteration process. Again, the latter finding
is supported by the exploratory analysis of the serial

distribution of top-two responses. What semantic distances
seem to be able to capture is the difference between very close
associates of the prompts and those that are unrelated. The
final sections of this article will cover a few key questions that
emerged from the potential limitations of this analysis.

Regarding LSAThe validity of the present results rests whol-
ly on the validity of the LSA-derived distances for this kind of
data. Given that many of the results—particularly the relation-
ships between semantic distance and both originality and fluid
intelligence—are consistent with those obtained in prior re-
search, the semantic distance metric presented here has con-
vergent validity. One of the strengths of using LSA, as com-
pared to semantic network analysis (see, e.g., Kenett et al.,
2014), is that it can be applied to phrases, sentences, and even
paragraphs. Of course, there are other ways to assess the se-
mantic relations among phrase-level data. For example, Chan
and Schunn (2015) used topic models (e.g., Griffiths,
Steyvers, & Tenenbaum, 2007) to examine combination dis-
tances among contributions to the online platformOpenIDEO.
This may be a fruitful path for future analysis. Indeed, Fig. 1
shows that the creativity ratings related differently to semantic
distancemeasures across the tasks. However, this is only prob-
lematic if LSA-derived distances are to replace subjective
scores. This was not the intent of this analysis. Rather, the
intent here was to measure the semantic relations between
divergent-thinking responses and task prompts. The reason
to opt for LSA based on the TASA corpus is that alternative-
uses tasks are domain-general. Thus, the TASA corpus
seemed to be the most fitting way to represent the general
knowledge that people might have accessed to generate re-
sponses (for more on this corpus, see the documentation at
lsa.colorado.edu).

Association norms or network analysis? As has been
discussed previously, people tend to generate more unique
responses to divergent-thinking items if they have more dis-
tributed semantic networks (Kenett et al., 2014). As was men-
tioned, one drawback to network analysis is that it is difficult
to apply to phrase-level data, which are generated during di-
vergent thinking. Instead, Kenett and colleagues (2014;
Kenett et al., 2016) assessed semantic memory organization
by analyzing participants’ responses on a category fluency
task. However, there is no reason why future studies should
not combine the two approaches. That is, what seems most
necessary at this point is to examine whether individual dif-
ferences in semantic memory organization predict semantic
distances on divergent-thinking tasks. It is likely that there will
be some relationship, and one recommendation from this
study is that others begin to examine such data.

Secondary data analysis Finally, the dataset used for the
analysis was not generated for the purposes of cognitive
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analysis. Specifically, reaction time data are missing, such that
it was not clear whether individual differences in response
rates and interresponse times could be related to semantic
distance or fluid intelligence. Hass (2016) presented prelimi-
nary evidence that interresponse times increase across itera-
tions, so further research will be necessary to fully character-
ize the iteration process in divergent thinking. This dataset
was selected because the system of creativity ratings was
shown to be reliable (Silvia et al., 2008), and also because of
inclusion of the fluid intelligence data. However, because the
divergent-thinking tasks were administered amidst a battery of
other tests, order effects and fatigue may have been confound-
ing variables for this particular analysis. Still, interpretable
effects were found, and this concern, although worthy of con-
sideration, does not seem to be serious.

Concluding remarks The goal of this article was to present a
first step toward understanding response generation during
divergent thinking, using a metric that is rooted in cognitive
theory. The results supported the utility of semantic distance
as one approach to modeling response generation. The results
also showed support for an executive or controlled process
operating on response generation, though muchmore research
will be necessary to properly test that theory. Regardless, re-
searchers are urged to begin to think about divergent-thinking
response generation as an interesting focus for research on
creative thinking.
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