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Abstract

The purpose of this paper was to investigate the effects of risk-taking, exploitation, and
exploration on creativity by taking a model-based computational approach to both divergent
and convergent thinking as primary ingredients of creativity. We adopted a reinforcement
learning framework of Q learning to provide a simple, rigorous account of behavior in the
decision-making process and examined the determinants of divergent and convergent think-
ing. Our findings revealed that risk-taking has positive effects on divergent thinking, but not
related to convergent thinking. In particular, divergent thinkers with a high learning capacity
were more likely to engage in risk-taking when facing losses than when facing gains. This
risk-taking behavior not only contributes to the rapid achievement of learning convergence,
but is also associated with high performance in divergent thinking tasks. Conversely, both
exploitation and exploration had no significant effects on creativity once these risk attitudes
were considered. Moreover, while convergent thinking relied on personality characteristics,
it was not associated with risk-taking, exploitation, or exploration.

1. Introduction

Although creativity has long fascinated scientists, especially in the fields of neuroscience and
cognitive psychology, more theoretical and empirical work is required for a thorough under-
standing of the mechanism and determinants of creativity [1, 2]. The purpose of this paper
was to investigate the determinants of creativity by taking a model-based computational
approach to creativity. We adopted a reinforcement learning (RL) framework to provide a
simple, rigorous account of behavior in the decision-making process. The RL framework is
supported by considerable empirical evidence, including neural signals in various cortical and
subcortical structures that behave as predicted [3-6]. The framework has been applied to stud-
ies of decision making and learning in various social contexts [7-13]. However, little attention
has been paid to creative aspects of decision making.

This paper assumed that a Q learning model in the RL framework underlies creative think-
ing and attempted to relate its properties to creativity performance. More specifically, we esti-
mated parameters of Q learning such as risk-taking and inverse temperature based on the
results of the ITowa Gambling Task (IGT). We investigated empirically how risk-taking and
inverse temperature (exploitation/exploration) account for performance in creative tasks by
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controlling for several related cognitive and psychological factors. Thus, the Q learning model
was related to creative thinking through risk-taking, exploitation and exploration in this study.

Several studies have revealed that creative people are energized and excited by challenging
and risky problems [14, 15], which can lead to the experience of ‘flow’ [16]. These findings sug-
gest that creativity is closely related to risk-taking. Indeed, several recent studies have investi-
gated the relationship between risk-taking and creativity [17-23], yet the findings have been
inconclusive. The differences in results could be accounted for by diversity in the research
measures, definitions of risk-taking, and cultural backgrounds of the participants [24]. Fur-
thermore, these studies commonly adopted questionnaire-based risk measurements, although
the questionnaires used varied amongst the studies. Conversely, in the present study, we mea-
sured risk attitudes via the estimation of underlying utility function. We were interested in
examining how the results would differ with different risk measures.

In addition to risk-taking, we also examined the effects of exploitation and exploration on
creativity. Exploitation refers to the optimization of current tasks under existing information
and memory conditions, while exploration implies wider and sometimes random search and
trials that do not coincide with the optimal solutions provided by exploitation (see [25], for the
trade-off between exploitation and exploration in the RL framework). Creativity requires both
exploration and exploitation. In exploration, a wider search for a greater range of information
is undertaken. In some cases, previously acquired knowledge must be unlearned so as not to
get stuck with current knowledge, constraints or implicit assumptions, making it harder for
them to ‘think outside the box’. At the same time, creativity also relies on exploitation because
the efficiency of search in a much narrower space should take full advantage of existing infor-
mation. Thus, both exploration and exploitation appear to be advantageous in creative think-
ing, although the relative weight of each depends on the phase of the creative thinking process.

In the Q learning model, exploitation implies the selection of choices yielding the highest Q
values, whereas exploration involves a preference for other non-optimal choices. These factors
can be represented via an inverse temperature scale using the softmax function, as described in
the Methods section. On the scale, a higher (lower) value implies a greater (lower) emphasis
on exploitation (exploration). This paper exploited this measure to examine the effects on
divergent and convergent thinking performance in creative tasks. In so doing, we aim to shed
new light on the underlying mechanism of creative thinking.

In so doing, it is important to distinguish between divergent and convergent thinking.
While measures for creativity have been widely adopted in the neurosciences as a unitary and
coherent construct by equating creative thinking with divergent thinking [2, 26], convergent
thinking could also account for creative outcomes because a new idea must be tested as a can-
didate for solution to a practical problem. For example, convergent thinking is sometimes
instrumental in generating insight during problem solving [27]. Accordingly, a number of
recent studies investigated the difference between the two types of thinking [23, 28]. Following
these studies, this paper examined the effects of risk-taking, exploitation, and exploration on
both divergent and convergent thinking.

2. Methods
2.1. Participants

A sample of 113 healthy undergraduate students at Kobe University (49 females, age

range = 18-20 years, SD = 0.66) participated in the study. All participants were native Japanese
with normal or correct-to-normal vision. The local Ethics Committee at the graduate school of
business administration, Kobe University, approved this study, and all participants and their
academic advisers signed an informed consent form before the experiment and were paid JPY
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3,000 (approximately USD 28).

2.2. Q learning model

We adopted a variant of Q learning model [25] to account for decision making in the IGT
[29]. Participants make a series of 100 choices from four decks of cards. Two of the decks are
advantageous and two of them are disadvantageous. The two disadvantageous decks always
give rise to relatively high gains ($100) but also to occasional large losses ($150) with a 50%
chance, which result in an average loss of -$25 per trial. The two advantageous decks always
generate lower gains each time ($50) but produce no losses ($0) with a 50% chance, resulting
in an average gain of +$25 per trial. The goal is to maximize net scores across trials.

At each trial t, the action value Q(f) of the chosen option (deck) i is updated via the follow-
ing rule:

Q)+ +eif 5(1) 20,
Qb= {Q;(r) +a;0(t) + ¢ if O(t) <0, g

with
o(t) = U(Ry(1)) — Q) (2)

U(R,(t)) = { | (3)

where R;(#) is the reward associated with option i at trial t, and & indicates the learning rate. U
(Ri(1)) takes the form of the prospect utility function proposed by Tversky and Kahneman [30]
in which pand v measure the degrees of risk aversion and risk seeking, respectively. We
adopted this utility function because one of our research interests is the effect of risk attitudes
on creativity. Thus, it was assumed that participants would evaluate the reward in terms of
their own risk attitudes, which resulted in the utility function specified in [3].

The reward prediction error §(t) is computed by subtracting the current value estimate
from the obtained reward R. Participants thus update the action value estimate by scaling the
prediction error with the learning rate and then adding this to the estimated value at the previ-
ous trial. Learning rates close to 1 indicate that a person makes fast adaptations based on pre-
diction errors, and learning rates closer to 0 indicate slow adaptation. In the default setting, the
initial action values are set to zero so that Q,(1) =0 fori=1,...4.

For the unchosen option j (ij), the action value is updated as:

Qt+1) = Q(t). (4)

Assume the chosen action at trial t is denoted by a(f)€{1,2,3,4}. The action value estimates
of these four options are used to determine the probability to choose either option. This proba-
bility is computed via the following softmax decision rule:

exp(BQi(t))

Pla(t) = i) = m’

(5)

where P(a(t) = i) is the probability to choose the action a(t) = i at trial t. The parameter B is the
inverse temperature, a parameter that indicates the sensitivity of a participant’s choice to the
difference in action value estimates. As described below, the inverse temperature f measures
the relative strength of exploitation vs. exploration.
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The parameters of o and B in this model were estimated by optimizing the maximum a pos-
teriori (MAP) objective function, that is, finding the posterior mode:

0= argmax p(D,|0,)p(0,), (6)

where p(D,|0;) is the likelihood of data D for subject s conditional on parameters 6, = (@58,
and p(0,) is the prior probability of §;. We assume each parameter is bounded and use con-
strained optimization to find the MAP estimates. More specifically, since o is bounded
between 0 and 1 and B takes non-negative values, their priors were assumed to follow beta dis-
tributions for o, and gamma distributions for f.

Although this Q learning model was specified for the IGT, we believe this model could also
account for crucial aspects of creative thinking. In creative thinking, some ideas or alternatives
must be chosen to further scrutinize existing possibilities. For this purpose, the individual
must evaluate each idea or alternative before choosing one option. This aspect of decision
making in creative thinking could be regarded as exercising the above Q learning model. In
particular, convergent thinking hinges on this type of decision making to arrive at the correct
solution. Even in divergent thinking, idea exploration requires the preliminary evaluation of
candidate search fields. Therefore, the Q learning model could be interpreted as a model of
creative thinking as well as a model for describing behavior in the IGT.

2.3. Measures

This paper used divergent and convergent thinking scores as dependent variables in the regres-
sion analysis. This is because there is growing support for taking both divergent and conver-
gent thinking into account in creativity [31]. Our primary interest lies in the effects of
exploitation and exploration on these dependent variables. As control variables that might
affect divergent and convergent thinking, we used working memory capacities and personality
scales.

2.3.1. Divergent thinking. Divergent thinking is defined as the ability to produce new
approaches and original ideas by forming unexpected combinations from available informa-
tion, and by applying such abilities as semantic flexibility, and fluency of association, ideation,
and transformation [32]. In the current study, divergent thinking ability was measured with
the S-A creativity test [33], a timed laboratory test corresponding to the measures used in the
Torrance Test of Creative Thinking. The test involves three types of tasks. In the first task, par-
ticipants are instructed to generate alternative ways of using objects specified in the test, which
is known as an ‘alternative use’ test (AUT). The second task requires the participant to imagine
desirable (and not realized) functions of specified ordinary objects. In the third task, partici-
pants are instructed to imagine the consequences of “unimaginable things” happening. Each
task requires participants to generate as many answers as possible (up to 10).

The S-A creativity test measures divergent thinking in terms of (a) fluency, (b) flexibility,
(¢) originality, and (d) elaboration. Fluency is measured by the number of relevant responses
to the questions and is related to the ability to produce and consider many alternatives. Flexi-
bility is the ability to produce responses from a broad perspective and is measured by the sum
of the total number of category types that answers are assigned based on a criteria table or an
almost equivalent judgment. Originality is the ability to produce ideas that differ from others
and its scoring is based on the sum of the idea categories that are weighted based on a criteria
table or an almost equivalent judgment. Elaboration is the ability to produce ideas in detail
and is measured by the sum of answers that are weighted based on a criteria table or an almost
equivalent judgment. This test also provides the total score for divergent thinking, which was
mainly used in this paper. For more detail about the S-A creativity test, see [34].
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2.3.2. Convergent thinking. Convergent thinking is defined as the ability to apply con-
ventional and logical search, recognition, and decision-making strategies to stored informa-
tion to produce an already known answer [35]. Thus, convergent thinking requires knowledge
and is typically correlated with measures of crystallized intelligence. However, most creativity
researchers have described convergent thinking as a process entailing evaluation of initial
ideas and/or a sudden insight in arriving at the correct solution for problems with task con-
straints [35-37]. As a result, in the insight problem-solving literature, convergent thinking has
been typically measured by the Remote Associates Test (RAT) [38], which entails task con-
straints that the correct solution must fit with each of the three words in the presented triad
(e.g., cheese for ‘cottage, cream, blue’). As all the participants in this study were native Japa-
nese, we adopted a Japanese version of RAT developed by [39] where words were represented
by Chinese characters. We used 40 problems selected by [40] in our experiment. RAT (conver-
gent thinking) scores were measured by the number of correct solutions for the 40 problems.

2.3.3. Inverse temperature. We used the inverse temperature B to represent levels of
exploitation and exploration. A higher B value implies that participants selected the decks
based on the action value Q calculated in (1)~(3), leading to exploitation. Conversely, as B
approaches zero, the choice is more likely to have been made randomly because the weight of
the Q value in the soft max decision rule in (3) significantly declines. This implies that partici-
pants undertake exploration. Thus, the inverse temperature B measures the relative importance
of exploitation and exploration.

2.3.4. Risk attitudes. As describe above, risk attitudes can be measured by the parame-
ters pand v in (3), which incorporate part of the prospect utility function in which an asym-
metric form of risk aversion is specified. Risk aversion in cases with positive rewards and risk
seeking (risk-taking) in cases with negative rewards are respectively measured by pand v,
which reflects the idea that participants have different risk attitudes towards gains and losses.
We were interested in examining these effects on creativity performance.

2.3.5. Working Memory Capacity (WMC). WMC was measured using reading span,
operation span, and matrix span tests, which are representative working memory tests [41].
Reading span and operation span tests evaluate the capacity of verbal WMC and logical WMC,
respectively, which in turn correspond to the phonological loop, according to Baddeley’s
model [42]. The matrix span test measures spatial WMC, corresponding to the visuo-spatial
sketchpad in this model.

2.3.6. Big five scale of personality. Big Five Scales (BES) of personality traits are widely
used to describe personality differences, which consist of five factors, namely openness to
experience (inventive/curious vs. consistent/cautious), conscientiousness (efficient/organized
vs. easy-going/careless), extraversion (outgoing/energetic vs. solitary/reserved), agreeableness
(friendly/compassionate vs. challenging/detached), and neuroticism (sensitive/nervous vs.
secure/confident) [43-45]. These scales were measured by 60 questions in Japanese, developed
by [46]. The scores were measured in descending order. For example, high scores in openness
to experience imply lower openness to experience. The descriptive statistics for all these vari-
ables used in the empirical analyses in this paper are reported in Table 1.

2.4. Procedure

Participants completed the S-A, Japanese RAT, reading span, operation span, and matrix span
tests, the IGT and BFS tests. The experiments were presented in two independent sessions: a
S-A/RAT session and a WMC/IGT/BEFS session. Approximately half of the participants per-
formed the two sessions in the order of the S-A/RAT session and then the WMC/IGT/BFS
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Table 1. Descriptive statistics.

Mean
1. Divergent Thinking 39.87
2. Convergent Thinking 14.49
3. u (risk aversion in 0.24
gains)
4. v (risk-seeking in 0.26
losses)
5. Inverse temperature 1.36
6. Extraversion 3.61
7. Neuroticism 3.29
8. Openness 3.89
9. Conscientiousness 4.19
10. Agreeableness 3.4
11. Spatial WMC 23.81
12. Verbal WMC 25.73
13. Logical WMC 28.18
*p<.10
p <.05
p <.0.01

SD
10.07
3.94
0.34

0.34

1.88
0.95
0.97
0.83
0.69
0.89
13.38
12.75
11.65

-0.08
-0.08

0.09

0.04
-0.05
0.08
-0.16
0.00
0.12
0.13
0.00
0.05

https://doi.org/10.1371/journal.pone.0235698.t001

Descriptive statistics

2 3 4 5 | 6 7 8 | 9 10 | 11 12
0.07 -
003 | | o052 % —
2002 | 059 || 066 || —
012 | |[-0.01 0.13 007 | —
0.02 | |-0.07 0.00 -0.02-0.40 | *** | —
*1000 | |-005 0.04 2009 023 | *** | -021 | | —
020 | * | 0.04 0.14 0.08 | 0.08 0.10 004 | —
-0.08| |-025 %" |-018 ** |-0.14| 037 | *** | -0.24 | *** | 0.14 | 029 |*** | —
0.16 | * | -0.08 0.00 0.04 | 0.04 0.00 -0.10 | 0.01 002 | —
007 | | 0.06 0.05 0.05 | 0.05 -0.07 -0.02 | 0.01 -0.08 | 0.37 | ***
-0.12| | 0.02 0.11 0.10 | -0.02 0.01 0.07 | -0.01 0.02]0.22|** | 0.24 |

session. The remaining participants performed the sessions in the opposite order. There was at
least a 10-day interval between the two successive sessions.

During the S-A/RAT session, participants completed the S-A test and RAT, which took
approximately 70 minutes. The S-A test was completed in accordance with the instructor’s
manuals. In the RAT, participants were given a practice session using two examples. Following
the practice session, they engaged in 40 problems. Each problem was presented for 40 seconds
to the participants. After 20 problems, a one-minute break was taken. Problems were pre-
sented in a randomized order each time, to remove order effects. A break of at least 5 minutes
was taken between the two tests.

In the WMC/IGT/BES session, participants completed reading span, operation span, matrix
span tests [41], IGT, and BFS tests, which took approximately 60 minutes. This session was
arranged for groups with a maximum of 50 participants in the presence of the instructor. The
tests were performed on a 17” CRT monitor with PsytoolKit [47, 48]. A break of at least 1 min-
ute was taken between the three tests. The order of these tests was also randomly assigned in
this session. In the following discussion, reading span, operation span, and matrix span test
scores are denoted by verbal WMC, logical WMC, and spatial WMC, respectively.

3. Results
3.1. Learning convergence

First, we analyzed the data from each participant regarding learning convergence. Each partici-
pant completed 100 trials of the IGT, and some of them eventually learned to consistently
select the best (low risk, low return) decks. When participants repeatedly chose the best decks
at least four times consecutively until the end of the game, we classified these participants as
those in which learning convergence took place. Based on this definition, we identified 60 par-
ticipants who succeeded in achieving learning convergence. In these participants, the average
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number of trials that were completed before learning convergence took place was 70.9

(SD =29.5). To avoid overestimation of exploitation for those participants, we excluded the
data from trials that took place after the achievement of learning convergence from the subse-
quent analysis. Thus, in addition to the pooled sample, we classified two subsamples, successful
and unsuccessful participants, in terms of learning convergence.

3.2. Determinants of divergent thinking

To examine the effects of risk attitudes, exploitation and exploration on divergent and conver-
gent thinking in the Q learning model, we first estimated the parameters of the learning rate
(o), inverse temperature (), risk aversion index for gains (jt), and risk seeking index for losses
(v) through the MAP estimation described above. We then implemented regression analyses
on the determinants of both divergent and convergent thinking scores. Because both divergent
and convergent thinking scores take only nonnegative integer values, we used the Poisson
regression method to maintain statistical consistency.

First, we examined the data with respect to divergent thinking. The results are reported in
Table 2. The dependent variable was the divergent thinking score. Columns (1) and (2) in the
table show the results for the pooled sample, columns (3) and (4) refer to the successful sub-
sample, and columns (5) and (6) show the results for the unsuccessful subsample.

In the pooled sample, the risk aversion index p exerted a negative effect whereas the risk
seeking index v had a positive effect on divergent thinking. This implies that participants with
learning convergence behaved in a risk-seeking manner, regardless of the gains or losses. Con-
versely, the inverse temperature 8 had no effect on divergent thinking, which suggests that risk
attitudes, rather than exploitation/exploration, accounted for high levels of divergent thinking.

These results were also retained for the successful subsample. Regarding the control vari-
ables, openness to experience, extroversion, and agreeableness were identified as determinants
of divergent thinking. Except for spatial WMC, the results were similar to those in the pooled
sample. Since personality variables were measured in descending order, both openness to
experience and extraversion exerted positive effects on divergent thinking. Moreover, the neg-
ative effect of agreeableness suggests that highly divergent thinkers favor challenging, rather
than accepting, existing ideas. These results seem consistent with the definition of divergent
thinking.

Regarding unsuccessful participants, the risk aversion index p was negatively related to
divergent thinking, whereas inverse temperature, neuroticism, and spatial WMC had positive
contributions. The effect of the risk aversion p was the same as that in successful divergent
thinkers, which implies that both successful and unsuccessful divergent thinkers showed risk
seeking in the face of positive gains. However, unsuccessful divergent thinkers relied more
heavily on the results of the Q values due to the positive effect of inverse temperature. Com-
pared with successful divergent thinkers, this exploitation effect seemed to inhibit learning
convergence, although these participants achieved high divergent thinking scores. The positive
effect of neuroticism likely contributed to high divergent thinking scores because high sensitiv-
ity facilitated internal memory search during the S-A test.

As Akbari, Chermahini, & Hommel [49, 50] reported nonlinear relationships between crea-
tivity and some of its determinants, we also tested the nonlinear effects of risk attitudes and
inverse temperature in columns (2), (4), and (6) in Table 2. The positive effects of v squared
were identified according to columns (2) and (4), and the opposite effects were found accord-
ing to column (6). Thus, in the pooled and successful samples, increasing returns emerged
with respect to v, which indicates the strong effect of v on divergent thinking. In unsuccessful
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Table 2. Determinants of divergent and convergent thinking.

Determinants of divergent and convergent thinking

(SE in parentheses)
Variables Divergent thinking Convergent thinking
Pooled Success No success Pooled Success No success
(0] (2) (3) 4 (5 (6)
Constant Terms 43.46 | *** 65.89 | *** 2098 | * 7.89 | * 13.74 | * 5.23
(6.19) (9.44) (9.24) (3.66) (5.42) (5.45)
u (risk aversion in gains) -3.97 | . -5.73 | . -591 | * 1.52 -1.46 -1.94
(2.30) (3.01) (2.63) (1.42) (1.83) (1.57)
v (risk-seeking in losses) 7.09 | ** 11.10 | ** -1.52 -0.59 -3.40 1.61
(2.52) (3.40) (3.24) (1.53) (2.14) (1.94)
Inverse temperature -0.12 -0.29 1.24 |~ -0.24 -0.15 0.56 | .
(0.46) (0.51) (0.52) (0.28) (0.30) (0.31)
Exraversion -1.00 -3.21 | ** 1.12 0.87 | . 0.89 0.93
(0.75) (1.10) (1.09) (0.45) (0.65) (0.65)
Neuroticism 0.49 -1.26 2.10 | * 0.14 -0.40 0.56
(0.71) (1.06) (1.02) (0.43) (0.63) (0.61)
Openness -1.98 | ** -5.65 | *** -0.19 0.09 1.99  * -0.93
(0.76) (1.26) (1.05) (0.46) (0.78) (0.62)
Conscientiousness -1.26 -0.09 -0.43 144 |~ 1.27 1.77 | *
(0.94) (1.55) (1.26) (0.56) (0.95) (0.75)
Agreeableness 2.49 | ** 3.90  ** 1.61 -0.98 | * -2.36 | ** -0.65
(0.82) (1.37) (1.05) (0.49) (0.84) (0.63)
Spatial WMC 0.09 | . -0.08 0.22 | ** 0.06 | * 0.05 0.12 | *
(0.05) (0.07) (0.08) (0.03) (0.04) (0.05)
Verbal WMC -0.03 0.06 -0.05 0.01 -0.01 -0.02
(0.05) (0.08) (0.07) (0.03) (0.05) (0.04)
Logical WMC 0.03 -0.07 0.06 -0.05 | . -0.15 | ** -0.03
(0.05) (0.08) (0.08) (0.03) (0.05) (0.05)
AIC 905.31 432.13 460.71 634.76 305.19 330.04
p<.10
p <.05
p <01

https://doi.org/10.1371/journal.pone.0235698.t002

divergent thinkers, however, this effect had an inverted U shape, which suggests a much
weaker effect.

Despite these contrasting effects, the results indicated that both successful and unsuccessful
divergent thinkers engaged in risk seeking in the face of losses. Overall, highly divergent think-
ers were more likely to engage in risk seeking as opposed to risk aversion, and the effects of
exploitation and exploration were mostly negligible.

3.3. Determinants of convergent thinking

Next, we examine the determinants of convergent thinking. The results are reported in

Table 3. The dependent variable was the convergent thinking score. As in Table 2, columns (1)
and (2) in the table show the results for the pooled sample, columns (3) and (4) refer to the suc-
cessful subsample, and columns (5) and (6) show the results for the unsuccessful subsample.

PLOS ONE | https://doi.org/10.1371/journal.pone.0235698  July 30, 2020 8/16


https://doi.org/10.1371/journal.pone.0235698.t002
https://doi.org/10.1371/journal.pone.0235698

PLOS ONE

Risk-taking on creativity

Table 3. Determinants of divergent and convergent thinking.

Determinants of divergent and convergent thinking

(SE in parentheses)
Variables Divergent thinking Convergent thinking
Pooled Success No success Pooled Success No success
(1) (2 (3 4 (5) (6)
Constant Terms 43.42 | ¥ 67.87 | *** 12.51 747 | * 1391 * 4.52
(6.21) (9.56) (10.29) (3.66) (5.46) (6.08)
u (risk aversion in gains) 2.71 -3.47 -9.80 -0.54 -2.32 2.17
(10.28) (11.79) (11.44) (5.96) (6.94) (6.84)
u? (risk aversion in gains) -5.94 -3.23 4.03 2.23 0.50 -4.25
(10.47) (11.54) (11.41) (6.22) (6.96) (6.84)
v (risk-seeking in losses) -13.07 -12.16 23.33 | . 7.76 -1.81 2.92
(10.59) (12.33) (13.14) (6.45) (7.46) (7.90)
V2 (risk-seeking in losses) 20.63 | * 21.78 | * -25.29 | . -7.60 -1.75 -1.12
(10.01) (11.02) (13.12) (6.07) (6.59) (7.89)
B (Inverse temperature) 0.32 0.14 2.16 -1.24 -1.73 | . 0.79
(1.39) (1.72) (1.36) (0.82) (1.05) (0.82)
p? (Inverse temperature) 0.00 -0.01 -0.09 0.12 0.20 -0.02
(0.18) (0.22) (0.15) (0.11) (0.13) (0.09)
Exraversion -1.04 -3.23 | % 1.57 0.96 | * 1.35 | . 0.95
(0.76) (1.16) (1.14) (0.45) (0.71) (0.67)
Neuroticism 0.44 -1.49 235" 0.25 -0.14 0.52
(0.72) (1.09) (1.05) (0.43) (0.65) (0.62)
Openness -1.93 | * -5.30 | “** 0.02 0.03 2.00 | * -1.01
(0.77) (1.28) (1.08) (0.47) (0.79) (0.65)
Conscientiousness -1.17 0.20 -0.40 141~ 1.30 1.63  *
(0.94) (1.54) (1.32) (0.56) (0.95) (0.78)
Agreeableness 2.31 | ** 352" 1.63 -0.98 | . -2.55 | ** -0.53
(0.83) (1.43) (1.09) (0.50) (0.87) (0.65)
Spatial WMC 0.08 | . -0.08 0.27 | ** 0.07 | * 0.07 0.12 | *
(0.05) (0.08) (0.08) (0.03) (0.04) (0.05)
Verbal WMC -0.01 0.08 -0.09 0.00 -0.01 -0.03
(0.05) (0.08) (0.07) (0.03) (0.05) (0.04)
Logical WMC 0.04 -0.06 0.06 -0.06 | . -0.15 | ** -0.03
(0.06) (0.08) (0.08) (0.03) (0.05) (0.05)
AIC 906.71 305.19 462.25 638.32 308.47 335.52
*p<.10
*p<.05
“**p <.0.01

https://doi.org/10.1371/journal.pone.0235698.t1003

According to this table, neither successful nor unsuccessful divergent thinking were associ-
ated with risk attitudes in any columns. However, inverse temperature was weakly correlated
with unsuccessful divergent thinking. Therefore, regarding convergent thinking measured by
the RAT, risk attitudes and exploitation/exploration did not play significant roles in achieving

higher performance.

Regarding control variables, openness to experience, agreeableness, and logical WMC were
identified in the successful subsample in both columns (3) and (4). In contrast to divergent
thinking, successful convergent thinking hinged on negative openness to experience.
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Moreover, agreeableness was now positively related to convergent thinking, which implies that
accepting, rather than challenging, the result of a memory search led to higher convergent
thinking scores. Regarding the negative effects of logical WMC on convergent thinking, it is
possible that logic per se does not play a critical role in the RAT because searching for the cor-
rect Chinese character that completes three words simultaneously requires more trial and
error learning than logical reasoning. The results appear to suggest that high logical WMC
impedes this trial and error learning attempt in the RAT in favor of logical reasoning.

As for unsuccessful convergent thinkers, conscientiousness and spatial WMC were signifi-
cant in both columns (5) and (6). Once again, because the RAT assumed correct solutions, sev-
eral candidate solutions must be organized efficiently to come up with correct solutions. As for
spatial WMC, our RAT experiment used hieroglyphic Chinese characters, suggesting that the
spatial WMC is positively related to convergent thinking. The results in the pooled sample
reflected those results in an eclectic way.

Although the importance of these control variables could be interpreted intuitively, given
our research interests, we want to emphasize our findings that that risk attitudes and exploita-
tion/exploration did not play significant roles in convergent thinking for both the successful
and unsuccessful subsamples.

4. Discussion

In this paper, the underlying cognitive mechanism of creativity was modeled in the RL frame-
work. Recent computational analyses based on the RL framework were applied to studies of
decision making and learning in various social contexts [7-12], showing the close correspon-
dence between the phasic dopaminergic firing and the reward prediction error [6]. Although
Hills, Todd, & Goldstone [51] made the first attempt to relate exploitation and exploration to
creativity tasks, and several studies have directly modeled the creativity process (see [52] for
review), we propose an alternative computational model of creativity using the simple RL
framework. One of the contributions of this paper was that we examined the effects of risk atti-
tudes and exploitation/exploration on creativity performance using this RL framework.

From this perspective, the current study revealed the novel finding that divergent thinking
was explicitly related to risk seeking, whereas convergent thinking was not associated with risk
attitudes or exploitation/exploration. These results stand in sharp contrast to the findings
reported by Shen, Hommel, Yuan, Chang, & Zhang [23], who found that while low risk-taking
contributed to better convergent thinking, it was not significantly correlated with divergent
thinking. One reason for this disparity could be the different measures of risk attitudes.
Namely, Shen, Hommel, Yuan, Chang, & Zhang [23] used the risk-taking preference index,
while in the current study, we measured risk attitudes by imposing a prospective utility func-
tion during the IGT. These different measures could highlight separate aspects of risk-taking.
The differences between the risk-taking preference index and the risk attitudes derived from
the utility function should be explored in future studies.

Although they were not identical, Tyagi, Hanoch, Hall, Runco, & Denham [22] employed
similar risk-taking measures to Shen, Hommel, Yuan, Chang, & Zhang [23]. They found that
creativity was associated with high risk-taking tendencies in the social domain, and that the
likelihood of social risk taking was the strongest predictor of creative personality and ideation
scores. These results are consistent with our present findings.

The contrasting results among different studies might reflect cultural differences. As Shen,
Hommel, Yuan, Chang, & Zhang [23] noted, while divergent and convergent thinking were
positively correlated in their study, the experiment conducted in the Netherlands revealed cor-
relations that were close to zero and, if anything, negative (e.g., [49]). In our study, as revealed
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in Table 1, the correlation between divergent and convergent thinking was close to zero. Thus,
different roles during risk-taking might reflect cultural differences between China and Japan.

Regarding convergent thinking, it was found that both risk attitudes and inverse tempera-
ture did not account for its performance at least explicitly. However, we should be cautious
about interpreting this result because, as we have noted, the RAT required both divergent and
convergent thinking to yield correct solutions. Moreover, the correct solution was sometimes
obtained through insight. That is, some participants solved some questions with insight. The
mixture of problem solving with and without insight makes it difficult to identify the relative
contributions of exploitation and exploration and risk attitudes. It has been claimed that solu-
tions to insight problems are unpredictable [53], difficult to report [54], and solved in a distinct
manner [55]. In other words, insight generates new information that is often discrete and
domain-specific and transcends informational boundaries, yet still provides some value. This
might be the result of underlying risk-taking exploration activities. In contrast, problem solv-
ing without insight goes through a step-by-step, risk averse incremental process, which corre-
sponds to exploitation. Consequently, it could be that the mixture of problem solving with and
without insight in the RAT obscures significant effects of both exploitation and exploration.

Insight problem solving does demand distant or remote associations, such as spreading
activation in semantic memory, which operates largely outside of conscious attentional control
[27, 56-58]. This suggests that it requires substantially less working memory than problem
solving without insight. In support of this, it has been shown that higher WMC is positively
related to analytical problem solving, but unrelated to insight [59]. Similarly, a higher degree
of working memory load negatively affects analytic problem solving but has no impact on
insight problem solving [55].

Problem solving with and without insight are likely to both involve many of the same cogni-
tive processes and neural mechanisms. Indeed, some studies have suggested that insight plays
no role and that creativity is essentially identical to analytical problem solving [56, 60-63].
Murray and Byrne [64] suggested that people with high WMC perform better on insight prob-
lems than people with less WMC. De Dreu, Nijstad, Baas, Wolsink, and Roskes [65] also per-
formed several studies that indicated that high WMC was related to higher performance in a
range of different creative tasks. Because both insight and analytical problem solving were
involved in the RAT, these studies were consistent with our results that the spatial WMC was
positively related to higher convergent thinking scores for unsuccessful participants.

The reason that only the spatial WMC positively accounted for convergent thinking was
that the RAT used hieroglyphic Chinese characters in our experiment. Participants were
required to memorize the forms of Chinese characters while searching for solutions. Regarding
the negative effect of logical WMC on convergent thinking, as noted above, it is possible that
logic per se does not play a critical role in the RAT because it requires trial and error learning
rather than logical reasoning. The current results appear to suggest that high logical WMC
impedes this trial and error approach in the RAT in favor of logical reasoning.

Spatial WMC also positively accounted for divergent thinking, except for in successful par-
ticipants. In the alternative use test that was part of the S-A test, participants were asked to
write alternative uses of given items. In this test, participants had to keep track of images of
given items. Those who were slower learners might have needed to keep the image in their
memory for longer, requiring higher spatial WMC. However, quick learners would not have to
keep the image in their memory for long, meaning less reliance on spatial WMC.

The different effects of risk-taking on divergent thinking between successful and unsuccess-
ful participants also deserve some remarks here. While risk seeking in the face of gains was
positively related to divergent thinking for both subsamples, risk-seeking in the face of losses
accounted for divergent thinking only for quick learners (successful participants). This result
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suggests that quick learners were more sensitive to losses, leading to more risk-taking behav-
iors. Thus, greater risk-taking regarding losses might differentiate quick from slow learners.

It should also be noted that inverse temperature (exploitation/exploration) did not account
for both divergent and convergent thinking. Although we did not report in this paper, regres-
sion analyses without risk parameters revealed that inverse temperature was strongly signifi-
cant for divergent thinking. However, once the risk parameters were incorporated, the
significance was lost. This implies that risk attitudes, rather than exploitation/exploration,
accounted for divergent thinking in our model. Therefore, as related studies have suggested
[22, 23], risk attitudes appear to play a critical role in creativity.

Thus, the current findings revealed that divergent thinking tends to favor risk-taking rather
than exploitation and exploration. In this respect, related neuroscientific studies of creativity
[2, 66, 67] have underlined the importance of the default mode network in divergent thinking
[68-72]. However, while the identification of neural substrates underlying divergent thinking
has certainly improved our understanding of creativity mechanisms, the specific cognitive
model behind the divergent thinking process has not yet been rigorously articulated.

This paper contributes to linking risk-taking to divergent thinking in the framework of Q
learning and empirically confirms their relationship. However, the challenge of articulating
how risk-taking in divergent thinking is related to underlying neural substrates, particularly
the default mode network, remains unresolved.

Finally, it should be pointed out that risk parameters, exploitation and exploration in this
study were not measured during divergent/convergent thinking tasks. Therefore, the relation-
ships exhibited in the current study between risk attitudes, exploitation/exploration, and diver-
gent/convergent thinking should be considered as indirect evidence, and the results do not
unequivocally confirm that divergent thinkers always implement risk-taking behaviors. Obvi-
ously, measuring risk attitudes, exploitation and exploration during creative tasks remains a
challenge for future research.

5. Conclusion

This paper related risk attitudes, exploitation and exploration specified in a simple Q learning
model to creativity measured by convergent and divergent thinking. In other words, we exam-
ined the determinants of divergent and convergent thinking in terms of risk attitudes, exploita-
tion and exploration as cognitive processes. While many creativity studies focus on neural
substrates of creativity using EEG and fMRI data, this study was different in its introduction of
a computational approach to creativity research.

Findings revealed novel characteristics of risk-taking in divergent thinking. That is, efficient
divergent thinkers tend to engage in risk-taking, rather than risk-averting behavior. In particu-
lar, quick learners are more likely to exhibit higher levels of risk-taking in the face of losses
compared with gains. This risk-taking behavior not only contributes to fast learning in the
IGT, but also facilitates high performance in terms of divergent thinking.

To our knowledge, this study is the first to explore the cognitive mechanisms underlying
creativity in the framework of reinforcement learning. Future progress in this area will require
several challenges to be addressed. In particular, neural substrates of both risk attitudes and
exploitation/exploration, together with convergent and divergent thinking, should be identi-
fied with neuroscientific methods such as EEG and fMRI.

Author Contributions
Conceptualization: Tsutomu Harada.

Data curation: Tsutomu Harada.

PLOS ONE | https://doi.org/10.1371/journal.pone.0235698  July 30, 2020 12/16


https://doi.org/10.1371/journal.pone.0235698

PLOS ONE

Risk-taking on creativity

Formal analysis: Tsutomu Harada.

Funding acquisition: Tsutomu Harada.

Investigation: Tsutomu Harada.

Methodology: Tsutomu Harada.

Project administration: Tsutomu Harada.

Resources: Tsutomu Harada.

Software: Tsutomu Harada.

Supervision: Tsutomu Harada.

Validation: Tsutomu Harada.

Visualization: Tsutomu Harada.

Writing - original draft: Tsutomu Harada.

Writing - review & editing: Tsutomu Harada.

References

1.

10.

11.

12

13.

14.

Dietrich A. Who's afraid of a cognitive neuroscience of creativity? Methods. 2007; 42(1):22—-7. https://
doi.org/10.1016/j.ymeth.2006.12.009 PMID: 17434412

Dietrich A, Kanso R. A review of EEG, ERP, and neuroimaging studies of creativity and insight. Psycho-
logical Bulletin. 2010; 136(5):822—48. https://doi.org/10.1037/a0019749 PMID: 20804237

Glimcher PW, Rustichini A. Neuroeconomics: the consilience of brain and decision. Science. 2004; 306
(5695):447-52. https://doi.org/10.1126/science.1102566 PMID: 15486291

Hikosaka O, Nakamura K, Nakahara H. Basal ganglia orient eyes to reward. Journal of Neurophysiol-
ogy. 2006; 95(2):567-84. https://doi.org/10.1152/jn.00458.2005 PMID: 16424448

Rangel A, Camerer C, Montague PR. A framework for studying the neurobiology of value-based deci-
sion making. Nature Reviews Neuroscience. 2008; 9:545-56. https://doi.org/10.1038/nrn2357 PMID:
18545266

Schultz W, Dayan P, Montague PR. A neural substrate of prediction and reward. Science. 1997; 275
(5306):1593-9. https://doi.org/10.1126/science.275.5306.1593 PMID: 9054347

Behrens TEJ, Hunt LT, Woolrich MW, Rushworth MFS. Associative learning of social value. Nature.
2008; 456(7219):245-9. https://doi.org/10.1038/nature07538 PMID: 19005555

Bhatt MA, Lohrenz T, Camerer CF, Montague PR. Neural signatures of strategic types in a two-person
bargaining game. Proceedings of the National Academy of Sciences. 2010; 107(46):19720-5.

Coricelli G, Nagel R. Neural correlates of depth of strategic reasoning in medial prefrontal cortex. Pro-
ceedings of the National Academy of Sciences. 2009; 106(23):9163-8.

Delgado MR, Frank RH, Phelps EA. Perceptions of moral character modulate the neural systems of
reward during the trust game. Nature Neuroscience. 2005; 8(11):1611-8. https://doi.org/10.1038/
nn1575 PMID: 16222226

Hampton AN, Bossaerts P, O’'Doherty JP. Neural correlates of mentalizing-related computations during
strategic interactions in humans. Proceedings of the National Academy of Sciences. 2008; 105
(18):6741-6.

Montague PR, King-Casas B, Cohen JD. Imaging valuation models in human choice. Annual Review of
Neuroscience. 2006; 29:417—48. https://doi.org/10.1146/annurev.neuro.29.051605.112903 PMID:
16776592

Yoshida W, Seymour B, Friston KJ, Dolan RJ. Neural mechanisms of belief inference during coopera-
tive games. Journal of Neuroscience. 2010; 30(32):10744-51. https://doi.org/10.1523/JNEUROSCI.
5895-09.2010 PMID: 20702705

Albert RS. Identity, experiencrs, and career choice among the exceptionally gifted and eminent. In:
Runco MA, Albert RS, editors. Theory of creativity. Newbury Park, CA: Sage; 1990. p. 11-34.

PLOS ONE | https://doi.org/10.1371/journal.pone.0235698  July 30, 2020 13/16


https://doi.org/10.1016/j.ymeth.2006.12.009
https://doi.org/10.1016/j.ymeth.2006.12.009
http://www.ncbi.nlm.nih.gov/pubmed/17434412
https://doi.org/10.1037/a0019749
http://www.ncbi.nlm.nih.gov/pubmed/20804237
https://doi.org/10.1126/science.1102566
http://www.ncbi.nlm.nih.gov/pubmed/15486291
https://doi.org/10.1152/jn.00458.2005
http://www.ncbi.nlm.nih.gov/pubmed/16424448
https://doi.org/10.1038/nrn2357
http://www.ncbi.nlm.nih.gov/pubmed/18545266
https://doi.org/10.1126/science.275.5306.1593
http://www.ncbi.nlm.nih.gov/pubmed/9054347
https://doi.org/10.1038/nature07538
http://www.ncbi.nlm.nih.gov/pubmed/19005555
https://doi.org/10.1038/nn1575
https://doi.org/10.1038/nn1575
http://www.ncbi.nlm.nih.gov/pubmed/16222226
https://doi.org/10.1146/annurev.neuro.29.051605.112903
http://www.ncbi.nlm.nih.gov/pubmed/16776592
https://doi.org/10.1523/JNEUROSCI.5895-09.2010
https://doi.org/10.1523/JNEUROSCI.5895-09.2010
http://www.ncbi.nlm.nih.gov/pubmed/20702705
https://doi.org/10.1371/journal.pone.0235698

PLOS ONE

Risk-taking on creativity

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.
33.
34.

35.
36.

37.

38.
39.

40.

Perkins DN. The possibility of invention. In: Sternberg RJ, editor. The nature of creativity. Cambridge:
Cambridge University Press; 1990. p. 362—85.

Csikszentmihalyi M. Flow: The Psychology of Optimal Experience. Journal of Leisure Research. 1990;
24(1):93-4.

Ivcevic Z, Maye JD. Creative types and personality. Imagination, Cognition and Personality. 2006; 26
(1-2):65-86.

Ivcevic Z, Mayer JD. Mapping Dimensions of Creativity in the Life-Space. Creativity Research Journal.
2009; 21(2-3):152-65.

Dewett T. Linking intrinsic motivation, risk taking, and employee creativity. R&D Management. 2007; 37
(3):197-208.

Erbas AK, Bas S. The Contribution of Personality Traits, Motivation, Academic Risk-Taking and Meta-
cognition to the Creative Ability in Mathematics. Creativity Research Journal. 2015; 27(4):299-307.

Shen W, YuanY, Liu C, Luo J. In search of the‘Ahal’experience: Elucidating the emotionality of insight
problem-solving. British Journal of Psychology. 2016; 107(2):281-98. https://doi.org/10.1111/bjop.
12142 PMID: 26184903

Tyagi V, Hanoch Y, Hall SD, Runco M, Denham SL. The risky side of creativity: Domain specific risk tak-
ing in creative individuals. Frontiers in Psychology. 2017; 8:1-9. https://doi.org/10.3389/fpsyg.2017.
00001

Shen W, Hommel B, Yuan Y, Chang L, Zhang W. Risk-taking and creativity: Convergent, but not diver-
gent thinking Is better in low-risk takers. Creativity Research Journal. 2018; 30(2):224—31.

Strum |. The Relationship of Creativity and Academic Risk-Taking among Fifth Graders. Final Report.
Available at: http://ericedgov/?id = ED046212. 1971.

Sutton RS, Barto AG. Reinforcement Learning: An Introduction. Cambridge, MA: The MIT Press;
2018.

Dietrich A. The cognitive neuroscience of creativity. Psychonomic Bulletin & Review. 2004; 11(6):1011—
26.

Bowden E, Jung-Beeman M, Fleck J, Kounios J. New approaches to demystifying insight. Trends in
Cognitive Sciences. 2005; 9(7):321-8.

Prochazkova L, Lippelt DP, Colzato LS, Kuchar M, Sjoerds Z, Hommel B. Exploring the effect of micro-
dosing psychedelics on creativity in an open-label natural setting. Psychopharmacology. 2018;
235:3401-13. https://doi.org/10.1007/s00213-018-5049-7 PMID: 30357434

Bechara A, Damasio AR, Damasio H, Anderson SW. Insensitivity to future consequences following
damage to human prefrontal cortex. Cognition. 1994; 50(1-3):7-15. https://doi.org/10.1016/0010-0277
(94)90018-3 PMID: 8039375

Tversky A, Kahneman D. Advances in prospect theory: Cumulative representation of uncertainty. Jour-
nal of Risk and Uncertainty. 1992; 5:297-323.

Gabora L. Revenge of the ‘neurds’: Characterizing creative thoughts in terms of the structure and
dynamics of memory. Creativity Research Journal. 2010; 1(22):1-13.

Guilford JP. The Nature of Human Intelligence. New York, NY: McGraw-Hill; 1967.
Mind SfC. Manual of S-A Creativity Test. Tokyo: Shinri Corporation.; 1969.

Takeuchi H, Taki Y, Sassa Y, Hashizume H, Sekiguchi A, Fukushima A, et al. Regional gray matter vol-
ume of dopaminergic system associate with creativity: Evidence from voxel-based morphometry. Neu-
rolmage. 2010; 51(2):578-85. https://doi.org/10.1016/j.neuroimage.2010.02.078 PMID: 20226253

Cropley A. In praise of convergent thinking. Creativity Research Journal. 2006; 18(3):391—404.

Lee CS, Therriault DJ. The cognitive underpinnings of creative thought: a latent variable analysis explor-
ing the roles of intelligence and working memory in three creative thinking processes. Intelligence.
2013; 41(5):306—20.

Smith SM, Ward TB. Cognition and the creation of ideas. In: Holyoak KJ, Morrison RG, editors. Oxford
handbook of thinking and reasoning. Ney Yorrk, NY: Oxford University Press; 2012. p. 456-74.
Mednick S. The associative basis of the creative process. Psychological Review. 1962; 69(3):220-32.

Terai H, Miwa K, Asami K. Development and evaluation of the Japanese Remote Associates Test. The
Japanese Journal of Psychology. 2013; 84(4):419-28. https://doi.org/10.4992/jjpsy.84.419 PMID:
24205744

Orita R, Hattori M, Nishida Y. Development of a Japanese Remote Associates Task as insight prob-
lems. The Japanese Journal of Psychology. 2018; 89(4):376—-86.

PLOS ONE | https://doi.org/10.1371/journal.pone.0235698  July 30, 2020 14/16


https://doi.org/10.1111/bjop.12142
https://doi.org/10.1111/bjop.12142
http://www.ncbi.nlm.nih.gov/pubmed/26184903
https://doi.org/10.3389/fpsyg.2017.00001
https://doi.org/10.3389/fpsyg.2017.00001
http://ericedgov/?id
https://doi.org/10.1007/s00213-018-5049-7
http://www.ncbi.nlm.nih.gov/pubmed/30357434
https://doi.org/10.1016/0010-0277%2894%2990018-3
https://doi.org/10.1016/0010-0277%2894%2990018-3
http://www.ncbi.nlm.nih.gov/pubmed/8039375
https://doi.org/10.1016/j.neuroimage.2010.02.078
http://www.ncbi.nlm.nih.gov/pubmed/20226253
https://doi.org/10.4992/jjpsy.84.419
http://www.ncbi.nlm.nih.gov/pubmed/24205744
https://doi.org/10.1371/journal.pone.0235698

PLOS ONE

Risk-taking on creativity

41.

42,

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.
59.

60.

61.

62.

63.

64.

65.

Conway ARA, Kane MJ, Bunting MF, Hambrick DZ, Wilhelm O, Engle RW. Working memory span
tasks: A methodological review and user’s guide. Psychonomic Bulletin and Review. 2005; 12:769-86.
https://doi.org/10.3758/bf03196772 PMID: 16523997

Baddeley A. The episodic buffer: a new component of working memory? Trends in Cognitive Sciences.
2000; 4(11):417-23. https://doi.org/10.1016/s1364-6613(00)01538-2 PMID: 11058819

Piedmont RL, McCrae RR, Costa P. Adjective check list scales and the Five-factor model. Journal of
Personality and Social Psychology. 1991; 60(4):630—7.

Miller TR. The psychotherapeutic utility of the Five-factor model of personality. A clinician’s experience.
Journal of Personality Assessment. 1991; 57(3):415-33. https://doi.org/10.1207/s15327752jpa5703_3
PMID: 1757869

Barrick MR, Mount MK. The Big Five personality dimensions and job performance: A meta-analysis.
Personnel Psychology. 1991; 44(1): 1-26.

Wada S. Construction of the Big Five Scales of personality trait terms and concurrent validity with NPI.
The Japanese Journal of Psychology. 1996; 67(1):61-7.

Stoet G. PsyToolkit—A software package for programming psychological experiments using Linux.
Behavior Research Methods. 2010; 42(4):1096—104. https://doi.org/10.3758/BRM.42.4.1096 PMID:
21139177

Stoet G. PsyToolkit: A novel web-based method for running online questionnaires and reaction-time
experiments. Teaching of Psychology. 2017; 44(1):24-31.

Akbari Chermahini S, Hommel B. The (b)link between creativity and dopamine: Spontaneous eye blink
rates predict and dissociate divergent and convergent thinking. Cognition. 2010; 115(3):458-65. https:/
doi.org/10.1016/j.cognition.2010.03.007 PMID: 20334856

Akbari Chermahini S, Hommel B. More creative through positive mood? Not everyone! Frontiers in
Human Neuroscience. 2012; 6(319).

Hills TT, Todd PM, Goldstone RL. Search in external and internal spaces. Psychological Science. 2008;
19(8):802-8. https://doi.org/10.1111/j.1467-9280.2008.02160.x PMID: 18816288

Mekern V, Hommel B, Sjoerds Z. Computational models of creativity: A review of single- and multi-pro-
cess recent approaches to demystify creative cognition. Current Opinion in Behavioral Sciences. 2019;
27:47-54.

Metcalfe J, Wiebe D. Intuition in insight and noninsight problem solving. Memory and Cognition. 1987;
15(3):238—46. https://doi.org/10.3758/bf03197722 PMID: 3600264

Schooler JW, Ohlsson S, Brooks K. Thoughts beyond words: When language overshadows insight.
Journal of Experimental Psychology: General. 1993; 122(2):166—-83.

Lavric A, Forstmeier S, Rippon G. Differences in working memory involvement in analytical and creative
tasks: an ERP study. Neuroreport. 2000; 11(8):1613-8. https://doi.org/10.1097/00001756-200006050-
00004 PMID: 10852211

Chein JM, Weisberg RW. Working memory and insight in verbal problems: analysis of compound
remote associates. Memory and Cognition. 2014; 42(1):67—-83. https://doi.org/10.3758/s13421-013-
0343-4 PMID: 23864281

Ohlsson S. Deep Learning: How the Mind Overrides Experience. New York, NY: Cambridge University
Press; 2011.

Siegler RS. Unconscious insights. Current Directions in Psychological Science. 2000; 9(3):79-83.
Fleck JI. Working memory demands in insight versus analytic problem solving. European Journal of
Cognitive Psychology. 2008; 20(1):139-76.

Ball LJ, Stevens A. Evidence for a Verbally-Based Analytic Component to Insight Problem Solving. In:

Taatgen NA, Rijn Hv, editors. Proceedings of the Thirty-First Annual Conference of the Cognitive Sci-
ence Society. Austin, TX: Cognitive Science Society; 2009. p. 1060-5.

Perkins DN. The Mind’s Best Work. Cambridge, MA: Harvard University Press; 1981.

Weisberg RW. Creativity: Understanding Innovation in Problem Solving, Science, Invention, and the
Arts. Hoboken, NJ: Wiley; 2006.

Weisberg RW. On the "Demystification" of insight: A critique of neuroimaging studies of insight. Creativ-
ity Research Journal. 2013; 25(1):1-14.

Murray MA, Byrne RMJ. Attention and working memory in insight probem-solving. Proceedings of the
Twenty-Seventh Annual Conference of the Cognitive Science Society2005.

De Dreu CKW, Nijstad BA, Baas M, Wolsink |, Roskes M. Working memory benefits creative insight,
musical improvisation, and original ideation through maintained task-focused attention. Personality and
Social Psychology Bulletin. 2012; 38(5):656—69. https://doi.org/10.1177/0146167211435795 PMID:
22301457

PLOS ONE | https://doi.org/10.1371/journal.pone.0235698  July 30, 2020 15/16


https://doi.org/10.3758/bf03196772
http://www.ncbi.nlm.nih.gov/pubmed/16523997
https://doi.org/10.1016/s1364-6613%2800%2901538-2
http://www.ncbi.nlm.nih.gov/pubmed/11058819
https://doi.org/10.1207/s15327752jpa5703_3
http://www.ncbi.nlm.nih.gov/pubmed/1757869
https://doi.org/10.3758/BRM.42.4.1096
http://www.ncbi.nlm.nih.gov/pubmed/21139177
https://doi.org/10.1016/j.cognition.2010.03.007
https://doi.org/10.1016/j.cognition.2010.03.007
http://www.ncbi.nlm.nih.gov/pubmed/20334856
https://doi.org/10.1111/j.1467-9280.2008.02160.x
http://www.ncbi.nlm.nih.gov/pubmed/18816288
https://doi.org/10.3758/bf03197722
http://www.ncbi.nlm.nih.gov/pubmed/3600264
https://doi.org/10.1097/00001756-200006050-00004
https://doi.org/10.1097/00001756-200006050-00004
http://www.ncbi.nlm.nih.gov/pubmed/10852211
https://doi.org/10.3758/s13421-013-0343-4
https://doi.org/10.3758/s13421-013-0343-4
http://www.ncbi.nlm.nih.gov/pubmed/23864281
https://doi.org/10.1177/0146167211435795
http://www.ncbi.nlm.nih.gov/pubmed/22301457
https://doi.org/10.1371/journal.pone.0235698

PLOS ONE

Risk-taking on creativity

66.

67.

68.

69.

70.

71.

72.

Arden R, Chavez RS, Grazioplene R, Jung RE. Neuroimaging creativity: a psychometric view. Beha-
vioural Brain Research. 2010; 214(2):143-56. https://doi.org/10.1016/j.bbr.2010.05.015 PMID:
20488210

Sawyer K. The cognitive neuroscience of creativity: a critical review. Creativity Research Journal. 2011;
23(2):137-54.

Abraham A, Beudt S, Ott DVM, Cramon DYv. Creative cognition and the brain: dissociations between
frontal, parietal-temporal and basal ganglia groups. Brain Research. 2012; 1482:55-70. https://doi.org/
10.1016/j.brainres.2012.09.007 PMID: 22982590

Benedek M, Jauk E, Sommer M, Arendasy M, Neubauer AC. Creating metaphors: The neural basis of
figurative language production. Neuroimage. 2014; 90(15):99-106.

Fink A, Grabner RH, Benedek M, Reishofer G, Hauswirth V, Fally M, et al. The creative brain: Investiga-
tion of brain activity during creative problem solving by means of EEG and fMRI. Human Brain Mapping.
2009; 30(3):734—48. https://doi.org/10.1002/hbm.20538 PMID: 18266217

Fink A, Benedek M. EEG alpha power and creative ideation. Neuroscience & Biobehavioral Reviews.
2014; 44:111-28.

Gonen-Yaacovi G, Souza LCd, Levy R, Urbanski M, Josse G, Volle E. Rostral and caudal prefrontal
contribution to creativity: a meta-analysis of functional imaging data. Frontiers in Human Neuroscience.
2013; 14(7):1-22.

PLOS ONE | https://doi.org/10.1371/journal.pone.0235698  July 30, 2020 16/16


https://doi.org/10.1016/j.bbr.2010.05.015
http://www.ncbi.nlm.nih.gov/pubmed/20488210
https://doi.org/10.1016/j.brainres.2012.09.007
https://doi.org/10.1016/j.brainres.2012.09.007
http://www.ncbi.nlm.nih.gov/pubmed/22982590
https://doi.org/10.1002/hbm.20538
http://www.ncbi.nlm.nih.gov/pubmed/18266217
https://doi.org/10.1371/journal.pone.0235698

