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Remote work presents a challenge to workers’ creativity, especially during the COVID-19 pandemic
and the stay-at-home requirements. Individual differences in creativity, considered through the lens
of distributional models, and their stability across different conditions are unknown. We assess the
between-person variability in common metrics of creativity, despite sharing similar experiences of
virtual reality and mindfulness. The paper also assesses the stability of an individual’s creativity
over time. We measured the creativity of 20 remote-workers daily, during a 9-week study. Creativ-
ity was measured with respect to divergent thinking and convergent thinking. Distributional models
show significant individual differences in variability of creativity. Stability analyses also revealed
that individuals® creativity is relatively unstable over time— both within and across conditions.
Although one measure of divergent creativity was relatively stable, the other was not. We suggest
more research should assess the extent of variability in creativity relative to individual differences
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and under different conditions.

INTRODUCTION

Remote work due to the COVID-19 pandemic has
forced a physical separation between work teams thereby
affecting team performance. Developing new ideas and
novel procedures or products is essential for competitive
working environments and creativity is proposed to be an
essential part of team performance (Carroll, 1968). Un-
derstanding and supporting creativity is thus crucial for
effective work from home. However, creativity, especially
over time, is poorly understood. Creativity is typically de-
fined as generating, creating, and discovering novel ideas
or solutions (Rozenes & Cohen, 2017). Research has in-
dicated that novel and diverse experiences enhance cre-
ativity (Peppercorn, 2020), but others have argued that it
is a stable personality trait. Further, others suggest that
creativity may even be trainable, so it might change under
some conditions (Sternberg, 1999). Here we assess the
"stability" of creativity over time, where stability is de-
fined as similar behaviors and performance over time and
across different conditions.

In this paper, we specifically ask: how does creativity
vary over time while working from home, in the presence
of different interventions (i.e., is it stable)? Are people
more creative under one condition and less creative under
another? Existing research has not considered the stabil-
ity of creativity over weeks or months. Here we assess the
creativity using two different measures over nine weeks.

Creative Thinking

Creativity is often considered in terms of divergent
and convergent thinking. Divergent thinking represents
the ability to generate novel ideas in a context where more
than one solution exists. One common measure of diver-
gent thinking creativity is the Alternate Uses Task (AUT)
(Vartanian et al., 2019). In contrast, convergent thinking
taps into the ability to produce quick and logical solutions
to a particular problem and is commonly assessed with the
Remote Associates Test (RAT)(Mednick, 1968). Both of
these measures are well-validated, often uncorrelated, and
are widely used in the creative problem-solving literature
(Carroll, 1968; Colzato, Szapora, & Hommel, 2012; Med-
nick, 1968). Still, little is known about the stability within
individuals in these measures over longer periods of time
(Baer, 1994; Magnusson & Backteman, 1978).

Experiencing Nature Through Virtual Reality (VR)

Although creativity has been linked to stable per-
sonality traits, it might be affected by diverse practices
(Eysenck, 1993). One promising practice is that of experi-
encing nature through virtual reality (VR). Prior work has
established that daily walking in nature may be an effec-
tive way to increase creativity (Atchley, Strayer, & Atch-
ley, 2012; Logan, Berman, Berman, & Prescott, 2020).
One way to experience nature, especially during a pan-
demic or when working from home, is virtual reality (VR).
In the experiment that we describe here, we explored how
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VR nature experiences affect creativity. In the current pa-
per, we specifically focus on the stability of daily assess-
ments of divergent and convergent creative thinking.

Stability in behavior

There is a gap in understanding stability of creativity
as a theoretical construct. Considering creativity as a per-
sonality trait suggests that creative capacity is consistent
and stable (Cervone & Shoda, 1999; Diener & Larsen,
2009; Epstein, 1979). However, people show instability
in behavior that personality traits might influence, such as
moral feelings, across situations (Endler & Hunt, 1966;
Mischel, 2013). Individual differences often account for
less variance in behavior compared to the interaction of
individuals and situations (Argyle & Little, 1972; Endler
& Hunt, 1966).

This study contributes to understanding behavioral
stability by examining the stability of creativity in in-
dividuals across nine weeks during the COVID-19 pan-
demic. During this time, participants worked from home.
We exposed them to mindfulness and virtual reality na-
ture interventions, and measured creativity daily. We fit a
multi-level distributional model to understand individual
differences in response to VR experiences and mindful-
ness training. This model shows whether an individual’s
creativity varies across conditions and the degree to which
creativity is stable. We also calculated a form of within-
person stability to describe each individual’s stability over
time.

METHOD

We conducted a within-subject quasi-experiment to
examine the stability of creativity across three conditions:
baseline, virtual nature, and virtual nature with mind-
fulness training. We assessed participants’ creativity in
terms of convergent and divergent creativity. We used the
RAT method to measure convergent thinking and the AUT
method to measure divergent creativity.

Participants

Twenty participants were recruited for this study from
major U.S. cities such as New York, Chicago, and Seattle
during the COVID-19 pandemic. The participants were
remote-workers, and they were employed for the nine
weeks of the study They were between the ages of 25 to
68 (19 female, 1 male). Exclusion criteria included un-
willingness to use a VR headset device, severe eye or neu-
rological disorder, and general anxiety score higher than
50 on the State-Trait Anxiety Inventory (STAI) measure
(Spielberger, 2010).
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Materials

Each participant was given an Oculus Go VR headset,
which they kept after the study as a form of compensation.
The Oculus Go has a 538ppi 2560 x 1440 WQHD, fast-
switch LCD. Participants installed the Guided Relaxation
VR application for watching immersive nature videos. For
the mindfulness practice, participants used a smartphone,
and they downloaded and used the “Healthy Minds” ap-
plication (Goldberg et al., 2020). The application can be
installed on both Android and iOS systems.

Design

The study used a within-subjects quasi-experimental
design.  Participants were recruited for nine weeks,
and they experienced three conditions each lasting three
weeks. All participants completed the three conditions in
the same order: baseline, VR nature experience, and VR
nature and mindfulness. The dependent variables included
two measures of divergent and convergent creativity.

Procedure

During the first three weeks (weeks 1 to 3), partici-
pants were asked to check-in daily (weekdays) and answer
four questions including two creativity questions that they
received via text messages. One of the questions mea-
sured divergent thinking and the other question measured
convergent thinking.For the second three weeks (weeks 4
to 6), the participants were asked to experience a nature
scene through VR headsets five days a week and answer
similar creativity questions after the experience. During
the third three weeks (weeks 7 to 9), the participants were
asked to add about 10 minutes of mindfulness practice to
their daily VR nature experience. They were asked not to
do VR practice outside of the study during study period. A
cloud communication platform was used to automate the
daily text messages. Figure 1 shows the study process.

Analysis Method

Creativity measures. Convergent creativity was mea-
sured by using the Remote Associate Test (RAT), which
included two metrics: response time and the number of
correct answers. Divergent thinking is the capability of
presenting several potential answers to a given problem.
For example, the participants were given a word such as
"toothbrush" and asked to think of as many uses for it in
two minutes. The total number of answers shows fluency,
and the answers’ semantic distance indicates originality.
These measures of divergent and convergent thinking do
not guarantee creative achievement, but they are valid and
reliable (Runco & Acar, 2012).
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Figure 1. Experiment process for measuring stability in creativity.

Multi-level distributional model. Multi-level models
represent data that have been measured in multiple levels
or groups (Demidenko, 2013; Gelman & Hill, 2006). Such
models consider dependency in the measurements that oc-
cur with repeated measures from the same person. Multi-
level models can estimate the degree to which stable indi-
vidual differences influence outcomes. Multi-level models
are limited because they estimate the mean of the response
distribution and the variance is considered to be constant
across groups and conditions (Biirkner, 2017). Yet, in
many cases, this variance is not constant. A distribu-
tional model estimates the variance of the response distri-
bution across groups and conditions (Rigby & Stasinopou-
los, 2005). Distributional models consider within person
variability. In this study, we fitted distributional models to
estimate individual differences in creativity. Individuals
were considered as a random effect.

Stability analysis. Stability is the variance accounted
for by a given "cluster," or in our case the individual. This
is often calculated as the Intra-class Correlation Coeffi-
cient (ICC) and it describes the degree of similarity over
time in a single person’s response. ICC is the variance as-
sociated random effect divided by the random effect plus
the residual. For example, if the ICC is zero, then partic-
ipants responses show very low similarity, or stability. If
the ICC is nearly 1, there is a very high similarity between
individual scores indicating high stability. ICC is com-
monly used to assess strength of individual differences.

N\
\ @//

Initiate daily check-in

Answer RAT question as .
text questions

quickly as possible.
The answer was either
correct or incorrect.

Answer RAT question as

quickly as possible.
The answer was either
correct or incorrect.

Provide as many
answers as possible to

0
®
©

X

AUT question within 2 \
minutes.
e
Provide as many
answers as possible to
AUT question within 2
minutes.
\
RESULTS

We fitted Bayesian generalized multi-level distribu-
tional models to four measures of creativity: response time
and the number of correct answers in convergent thinking,
and the total number of answers and semantic distance in
divergent thinking. Also, we calculated the ICC of each
of the four measures to assess the stability of creativity.
Table 1 shows a generally similar pattern emerged for all
dependent variables. Participants varied in the overall cre-
ativity—the random intercept—and in their response to
the conditions—random slope. The distributional model
shows that the variability of response shows a similar pat-
tern, except for the RAT correctness.

Convergent thinking

Between subject variability. Response time data and
the number of correct answers in the RAT questions were
used in the Bayesian models. The random effect was the
participants, and the fixed effect was the VR nature and
VR+Mindfulness interventions. A model for the response
time that included intercept and slope random effects fit
the data best. This means that participants show variability
in their response time and they differed in their response
to the conditions. Also, the influence of the fixed effect
was significant. The model’s explanatory power is mod-
erate (R> = 0.19 , CI [0.12, 0.25]). For the number of
correct answers, the model included random effect for in-
tercept, meaning that individuals vary in the rate of cor-
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rect response. Still, in total, people did not show vari-
ability in the correctness of their response across different
conditions. The model’s explanatory power is substantial
(R* = 0.29, CI[0.28, 0.33]).

Within person variability. The Intra-class Correlation
Coeflicient (ICC) ratio is 0.27, showing a low similarity
between the same group’s values, and low stability in the
RAT response time. A similarly low ICC of 0.27 was
found for correctness, showing a low similarity between
the same group’s values, and low stability in the RAT an-
swers’ correctness. Table 1 compares the four creativity
measures models.

Divergent thinking

Between subject variability. The total number of an-
swers and the semantic distance of the answers to the AUT
questions were used for modeling the data. The random
effect was the participants, and the fixed effect was the VR
nature and VR+Mindfulness interventions. Also, the in-
fluence of the fixed effect was significant. The total num-
ber of answers is an indicator of fluency and the semantic
distance is an indicator of the originality of the answers.
The fluency model showed a random effect for variance
intercept and slope. This means that participants show
variability in their response time and the participants’ to-
tal number of answers they responded to the question dif-
fered from each other. The total number of answers is an
indicator of fluency. The model’s explanatory power is
substantial (R = 0.58, CI [0.55, 0.61]).

The semantic distance measures the similarity be-
tween words. We measured the semantic distance as a
metric of divergent thinking, by calculating the distance
between the given object in the AUT question, and each
use given by the participant. The average distance was
calculated using spaCly, a library for natural language pro-
cessing. spaCy compares word vectors and returns a num-
ber between 0 and 1. The results showed that the semantic
distance model has a random effect for variance intercept
and slope, proving individuals’ variability of the semantic
distance of the total number of responses. Also, partic-
ipants’ originality (semantic distance), varied from each
other. The model’s explanatory power is weak (R> = 0.08,
CI[0.05, 0.11]).

Within person variability. The Intra-class Correlation
Coefficient (ICC) for the total number of answers is 0.56,
showing a moderate similarity between the same group’s
values, and low stability in a total number of AUT an-
swers. A low ICC of 0.07 was found for semantic distance,
showing a low similarity between the same group’s values,
and low stability in the semantic distance of AUT answers.
Table 1 shows the models for each creativity measure.

Table 1. Distributional model and ICC for creativity measures
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Dependent  Mean Variance R? 1CC
Variable Response Response
RAT Random: Intercept Random: Intercept 0.19  0.27
response +Slope +Slope Fixed: No
time Fixed: Intervention
RAT Random: Intercept Random: Intercept ~ 0.29  0.27
correctness  Fixed: Intervention  Fixed: No
AUT Random: Intercept ~ Random: Intercept  0.58  0.56
total +Slope +Slope
answers Fixed:Intervention Fixed: No
AUT Random: Intercept Random: Intercept ~ 0.08  0.07
semantic +Slope +Slope
distance Fixed: Intervention  Fixed: No

DISCUSSION

We investigated (a) individual differences in the level
of creativity through multi-level distributional models, and
(b) the stability of creativity in remote workers during the
COVID-19 pandemic.

To assess creativity, we measured the convergent and
divergent thinking of remote workers. Convergent think-
ing was measured by the response time and the number of
correct answers to the RAT questions. Divergent thinking
was measured by the total number of answers to the AUT
questions and their semantic distance. The convergent
thinking distributional models showed individuals differ
in how fast they respond to convergent thinking questions,
and the interventions affect people differently. Measured
in terms of the number of correct answers, individuals dif-
fered, but they responded similarly to interventions. In
terms of individual variability, the results showed that peo-
ple are not very stable in convergent thinking; this was
true for both the response times and the number of correct
answers.

The divergent thinking distributional models revealed
that individuals differed in terms of the total number of
responses (fluency) and semantic distance of the answers
(originality). Also, we found low stability in the AUT-
semantic distance and similar stability for AUT-fluency.
That is not entirely surprising for fluency because is likely
a more stable individual difference driven by vocabulary
(Beaty & Johnson, 2021). These individual differences,
particularly those indicating differences in response to the
creativity interventions, suggests a need to personalize the
virtual reality experience.

CONCLUSIONS AND FUTURE RESEARCH

In general, the current study showed that individuals
differ in the variance and mean of their creativity level.
Their creativity level also varies in different conditions,
such as exposure to VR and mindfulness. Also, our par-
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ticipants showed instability in most measures of creativity.

The results of the current study indicate the useful-
ness of adding daily VR and mindfulness practice to re-
mote workers’ daily schedules to enhance their creativity.
However, more research is needed to assess the magnitude
of this effect and inform the design of such interventions.

One limitation of the study was that we only used
RAT and AUT methods to measure creativity, even though
many other exist. Our estimate of creativity and the asso-
ciated stability calculations were only based on RAT and
AUT measures. A more robust approach would adopt a
multi-trait multi-method and operationalize creativity with
multiple other tasks (Campbell & Fiske, 1959; Hammond,
Hamm, & Grassia, 1986). If we measured convergent
and divergent thinking with multiple measures, we could
differentiate method from trait variance. Another limi-
tation is that we collected creativity data daily across a
nine-week period, but but we did not systematically sam-
ple creativity across the day. Our measures showed sub-
stantial daily variation, and some of this daily variabil-
ity might reflect when creativity changes from morning to
evening. Whether VR and mindfulness interventions have
an immediate effect on creativity and how these compare
to daily variability should be considered in future studies.
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