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More knowledge causes a focused
attention deployment pattern
leading to lower creative
performances

Kunhao Yang', Itsuki Fujisaki'? & Kazuhiro Ueda'**

Previous studies demonstrate that people with less professional knowledge can achieve higher
performance than those with more professional knowledge in creative activities. However, the factors
related to this phenomenon remain unclear. Based on previous discussions in cognitive science, we
hypothesised that people with different amounts of professional knowledge have varying attention
deployment patterns, leading to different creative performances. To examine our hypothesis, we
analysed two datasets collected from a web-based survey and a popular online shopping website,
Amazon.com (United States). We found that during information processing, people with less
professional knowledge tended to give their divided attention, which positively affected creative
performances. Contrarily, people with more professional knowledge tended to give their concentrated
attention, which had a negative effect. Our results shed light on the relation between the amount of
professional knowledge and attention deployment patterns, thereby enabling a deeper understanding
of the factors underlying the different creative performances of people with varying amounts of
professional knowledge.

Creative activity has long been considered as among the factors of development of modern society'. Although
specific definitions of creative activity differ depending on disciplines, there is a consensus to broadly define it
as an activity that generates new information combinations’. Based on this definition, many previous studies*”’
have discussed one of the core issues of creative activity: what factors can cause participants’ high creative per-
formances (i.e., achievements of novel information combinations) in creative activities. To address this issue,
previous studies*” have pointed out professional knowledge (i.e., the expertise in the corresponding domain) as
among the key factors. These studies have focused on technological breakthroughs in industries and scientific
breakthroughs. They have found that these breakthroughs were mainly performed by a small group of specialists
who had a large amount of professional knowledge in the corresponding field. They then have concluded that
professional knowledge serves as an important information basis for creative activities. In other words, people’s
high creative performances are constructed based on their professional knowledge.

However, because of the dramatic development of the internet in recent decades, people with less profes-
sional knowledge have begun to participate in creative activities (e.g., the crowd-sourcing innovation of new
products)®'!. Many recent studies®!! have found that these people can also achieve high performances in creative
activities. According to these studies, in creative activities, regular users on the customer-side who have almost no
professional knowledge can achieve higher creative performances than specialists on the manufacturer side who
have extensive professional knowledge. Based on the above discussions of professional knowledge®~, the former
can be considered as lacking the information bases necessary to achieve high creative performances. Therefore,
understanding why people with less professional knowledge can achieve significantly high performances in
creative activities is important.

Many previous studies in cognitive science!>'® have found that creative performance is largely affected by
the attention deployment pattern. Attention is considered as a cognitive resource that can be allocated for human
information processing'”'®. It enables the detection, filtering, and comprehension of information. People faced
with different tasks employ different deployment patterns of attention!”!%. Typically, when there is only one
primary target (i.e., one operation or one piece of information) to be processed in the task, they tend to employ
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the focused attention deployment pattern (or selective attention) to focus their attention on the primary target
over other targets. By contrast, when there are multiple targets to be processed simultaneously, they tend to
employ the divided attention deployment pattern (or distributed attention) to divide their attention among
all the targets. Additionally, when the task involves consistent information processing, the sustained attention
deployment pattern is used to maintain the attention deployment for a long period. Based on these different
attention deployment patterns, previous studies!’-?* have found that in creative activities, people who employ
the divided attention deployment pattern can achieve higher creative performances than those who employ the
focused attention deployment pattern. This is because people dividing their attention among multiple targets
in creative activities can have more chances of finding divergent information combinations, which can serve as
the bases of their high creative performances'>".

Based on the above discussion on attention deployment patterns, this study built two research hypotheses to
address why people with less professional knowledge can achieve significantly high performances in creative
activities:

(1) People with different amounts of professional knowledge have different attention deployment patterns.
People with more professional knowledge have a focused attention deployment pattern during information
processing, whereas those with less professional knowledge have a divided attention deployment pattern.

(2) This difference in attention deployment patterns causes varying performances in creative activities. The
focused attention deployment pattern undermines the creative performances of people with more professional
knowledge, whereas the divided attention deployment pattern benefits the creative performances of those with
less professional knowledge.

To empirically examine the above hypotheses, we constructed metrics using computer-vision and natural-
language-processing methods in computer science. In the sections below, we explain our datasets and the con-
struction of these metrics and present the empirical examination of the hypotheses.

Overall, this study uncovered the relation between the amount of professional knowledge and attention
deployment patterns. It also demonstrated that attention deployment patterns can form a cognitive basis for the
different creative performances of people with varying amounts of professional knowledge.

Results

Overview of datasets and main metrics. We gathered two datasets: a web-based survey data for Japa-
nese participants (main dataset) and the Amazon review data for American participants (supplementary data-
set). In both datasets, we used an audio speaker (hereafter, referred to as ‘speaker’) as a stimulus and compared
the attention deployment patterns of participants with varying amounts of professional knowledge and creative
performances. We gathered these two datasets from two countries because previous research**?* has found that
cultural background (i.e., East Asia vs. West) could affect participants’ attention deployment patterns.

Using these two datasets, we employed computer science methods to construct metrics of participants’
amounts of professional knowledge, attention deployment patterns, and creative performances for testing the
research hypotheses. The computations of these metrics are summarised in Table 1, followed by concise expla-
nations of these metrics.

In the web-based survey, we gathered data from 200 participants (see details in Description of survey and
Amazon datasets in "Materials and methods"). To measure participants’ amounts of professional knowledge, we
conducted a knowledge test on the speakers (see details in Section S2 of the Supplementary Information).
Participants with higher (lower) scores in the knowledge test were considered to have more (less) professional
knowledge of speakers. To measure participants’ attention deployment patterns, every participant in the survey
was required to submit a picture to introduce their speakers. Previous research!>!®!7 has found that partici-
pants’ attention deployment patterns could be reflected by these pictures. Specifically, if participants give their
concentrated attention to a target product (i.e., the speaker), then the picture will not include much contextual
information on other objects around the product. However, if the attention is divided, then the picture taken
by the participant will include more contextual information (see an example in Fig. 1). Therefore, to measure
participants’ attention deployment patterns, we computed the area ratio of the target product in the picture
(hereafter, referred to as the ‘area ratio’) by combining two computer-vision models?®~*": Yolov3-Mobilenet and
Grabcut (see details in "Materials and methods"). The area ratio was equal to the ratio between the size of the
target product in the picture and that of the entire picture. Based on previous research!>!%7, participants with
larger area ratios have been considered to have more focused attention deployment patterns, whereas those
with smaller area ratios have more divided attention deployment patterns. In Section S3.2 of the Supplemen-
tary Information, an additional analysis tested the robustness of this metric. To measure participants’ creative
performances, every participant in the survey was required to submit an idea about the new functions of future
speakers. Based on these ideas, we employed the idea novelty (1) to individuals, (2) to a group, and (3) in his-
tory as metrics of participants’ creative performances**?. The idea novelty to individuals indicated the novelty
of an idea that was evaluated by a small number of experts. As the experts’ evaluations can be affected by their
subjective judgements and individual backgrounds**=*°, we also employed methods in information theory to
generate the other two metrics based on computations instead of individual evaluations. Based on the methods
in information theory, the idea novelty to a group reflected an idea’s novelty compared with other ideas under
evaluation, whereas the idea novelty in history is an idea’s novelty compared with related information in his-
tory. Fig. S1 in the Supplementary Information (see specific correlations in the first row and second column,
first row and third column, and second row and third column) shows that correlations among the above three
metrics were significantly positive (idea novelty to individuals vs. idea novelty to a group: correlation=0.22, p
value=0.02; idea novelty to individuals vs. idea novelty in history: correlation=0.28, p value <0.01; idea novelty
to a group vs. idea novelty in history: correlation =0.96, p value <0.01). Since for all three metrics, larger values
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Dataset

Metrics of the t of profe 1 knowledg:

Metrics of attention deployment patterns

Metrics of creative performances

Survey data

Knowledge test scores based on a knowledge test
in the survey

i.e.,, the sum of the correct scores answered by a
participant in the knowledge test

(S2 in Supplementary Information)

Amazon review data

Distance to the specialists based on review text in
Amazon

i.e., the average cosine distance of Amazon reviews
to the known specialists’ reviews

(Computation of the distance to the known special-
ists based on the Amazon review data in "Materials
and methods")

Area ratio based on the pictures uploaded by
participants in the survey and on Amazon

i.e., the ratio between the area of a speaker shown
in the picture and the size of the whole picture
(Computation of area ratio in "Materials and
methods")

Idea novelty to individuals based on ideas submit-
ted by participants in the survey

i.e., the median of the evaluation scores of every
idea

(Computation of idea novelty to individuals in
"Materials and methods")

Idea novelty to a group based on ideas submitted
by participants in the survey

iy Y yeq Ty = 30 cqPwd x log(F2L)
(Computation of idea novelty to a group and
review novelty to a group in "Materials and
methods")

Idea novelty in history based on ideas submitted
by participants in the survey

i€, wedCBw = =X eaPwd X log(pw,Q)
(Computation of idea novelty in history and review
novelty in history in "Materials and methods")

Review novelty to a group based on review texts
in Amazon IRl

e e, Tfidfr =3 e Pwa X log(770)
(Computation of idea novelty to a groip and review
novelty to a group in Materials and methods )

Review novelty in history based on review texts in
Amazon

i.s ) e, CBr = =37, e Pwr X 10g(pw,Q)
(Computation of idea novelty in history and review
novelty in history in "Materials and methods")

Table 1. Summary of main metrics. In this table, every metric’s name is in bold, followed by the specific data
that were used for its construction and a concise explanation of its computation. Parentheses show the sections
where the details of the computation were explained. The details of the area in italics are explained in the
Supplementary Information.

Target-product — — —

\ ]

Target-product

(A) A typical picture with a
large area ratio

(B) A typical picture with a
small area ratio

Figure 1. Examples of pictures with different area ratios. (a,b) show two examples with different area ratios.
The area ratio in (a) is evidently larger than that in (b). Therefore, we considered that a participant with a
focused attention deployment pattern would submit a picture similar to (a); by contrast, a participant with a
divided attention deployment pattern would submit a picture similar to (b). The two pictures used in this figure
were taken by the first author. Therefore, these were only used for illustration but not real examples in our two
datasets.

indicated participants’ higher creative performances, these positive correlations indicated that the three metrics’
measurements of creative performances were consistent.

The Amazon review data included 201,489 reviews and 9257 uploaded pictures of speakers. To measure par-
ticipants” amounts of professional knowledge, we analysed their Amazon review texts. Previous studies®'~** have
found that the similarity of the review contents could effectively reflect the similarity of the reviewers’ knowledge
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background. Therefore, using a document embedding model**, we computed every Amazon review text’s dis-

tance to some known specialists’ reviews (hereafter, referred to as the distance to the specialists; see details of the
known specialists in Computation of the distance to the known specialists based on the Amazon review data in
"Materials and methods") to indicate their amount of professional knowledge. Based on previous research® -,
Amazon participants who had a smaller (larger) distance to the specialists were considered as participants with
more (less) professional knowledge. To measure Amazon participants’ attention deployment patterns, we analysed
the uploaded pictures and computed the same metric as in the survey data: the area ratio. As explained above,
a larger (smaller) area ratio indicates a more focused (divided) attention deployment pattern. To measure par-
ticipants’ creative performances, we employed methods in information theory to compute their review novelty to
a group and in history based on their review texts?®*. Review novelty to a group refers to one review’s novelty
compared with others under evaluation. Review novelty in history refers to one review’s novelty compared
with related information in history. Fig. S4 in the Supplementary Information (see specific correlations in the
first row and second column) shows that the correlation between these two metrics was significantly positive
(correlation=0.79, p value <0.01). Since for both metrics, larger values indicate participants’ higher creative
performances, this positive correlation indicated that the two metrics’ measurements of creative performances
were consistent. We did not compute the review novelty to individuals because its computation would have been
time-intensive and it is less important for creative performance evaluation®%.

The details of the above computations can be found in "Materials and methods". Finally, since the survey
data were more informative for discussing participants’ creative performances, the Amazon review data were
only used as a supplementary dataset. In the following analyses, we first tested our research hypotheses using
the survey data to build models where the related variables suggested by the theories were controlled compre-
hensively. Subsequently, we employed the Amazon data to show the robustness of our research hypotheses
based on a large dataset (the results were reported briefly and the details can be found in the Supplementary
Information). By testing the consistency between the results based on these two datasets, we could examine the
robustness of our results.

Different attention deployment patterns among people with different amounts of profes-
sional knowledge. We first examined the different attention deployment patterns among participants with
varying amounts of professional knowledge. In Fig. 2, we used t-test to compare the area ratios between the
participants with the top 25% test scores (i.e., the high professional knowledge group) and those with the bottom
25% test scores (i.e., the low professional knowledge group) in the survey data. As the area ratios ranged from
0 to 1, we transformed the area ratio by the arcsine transformation (i.e., X,¢ = arcsine(x?)) before conducting
t-test. As shown in Fig. 2, we found the high professional knowledge group with a significantly larger average
area ratio than the low professional knowledge group (the average area ratios were 0.34 and 0.25 in the high and
low professional knowledge groups, respectively; t=3.07, p value<0.01; r=0.29).

Moreover, we employed regression models to examine the relation between the amount of professional
knowledge and attention deployment patterns. Table 2 shows the regression results for the relation between
participants’ test score and the area ratio in their pictures. Since the area ratio ranged from 0 to 1, we used beta-
regression to build our models®. Because previous studies®®*” have found that a participant’s gender and age
also affect the attention deployment pattern, we controlled participants’ gender and age in Model 1. In Model 2,
we controlled participants’ basic information on speaker usage, which included the (1) number of speaker hold-
ings, (2) frequency of speaker usage, (3) self-evaluation of the particularities of speakers, and (4) self-evaluation
of the amount of professional knowledge about speakers (the details of these variables can be found in S1 and
S2 sections in theSupplementary Information). Table 2 shows that in both models, participants’ test score has
a significant positive effect on the target product’s area ratio in their pictures (Model 1: coefficient=0.044, p
value =0.002; Model 2: coefficient=0.051, p value=0.001). These results indicated that participants with more
professional knowledge of the target product submitted pictures with larger area ratios.

We then performed the same analyses on the Amazon review data. The results were consistent with those
shown in Fig. 2 and Table 2 (see details in Section S5 of the Supplementary Information). Compared with the
low professional knowledge group (i.e., with the top 25% distance to specialists), the high professional knowledge
group (i.e., with the bottom 25% distance to the specialists) had a significantly higher average area ratio in their
pictures (the average area ratios were 0.62 and 0.6 in the high and low professional knowledge groups, respec-
tively; t=1.67, p value=0.02; r=0.03); as per beta-regression, the distance to the specialists showed a significantly
negative effect on the area ratio (coefficient= —0.961, p value <0.01). In addition to these analyses, we examined
the causality relation between participants’ amounts of professional knowledge and their attention deployment
patterns based on an additional analysis (see details in Section S5 of the Supplementary Information). The results
of this analysis supported our research hypothesis stating that participants’ large (small) amounts of professional
knowledge caused their focused (divided) attention deployment patterns.

To summarise, the above results suggest that participants with more professional knowledge about the target
product gave their concentrated attention to it. Contrarily, participants with less professional knowledge about the
target product gave their divided attention. Moreover, since our two datasets came from Japanese and American
participants, these results were consistent in the cultural backgrounds of both these countries.

Impacts of attention deployment patterns on creative performances. We examined the impact
of different attention deployment patterns on creative performances. Fig. 3 shows the average creative perfor-
mance of participants with the top 25% area ratios (i.e., the high area-ratio group) and that of those with the bot-
tom 25% area ratios (i.e., the low area-ratio group). We found that compared with the high area ratio group, the
low area-ratio group had significantly or marginally significantly higher average creative performances under
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Figure 2. Tllustration of the average area ratio of the high and low professional knowledge groups in the survey

data. The left bar shows the average area ratio of the high professional knowledge group (i.e., participants with
the top 25% of the test scores) while the right, that of the low professional knowledge group (i.e., participants
with the bottom 25% of the test scores). The numbers inside each bar represent transformed values of the
average area ratios under the arcsine transformation. The numbers inside the parentheses represent the raw

average area ratios before the transformation.

Test score 0.044** (0.014) 0.051%** (0.016)
Gender 0.080 (0.172) —-0.030 (0.173)
Age -0.007 (0.005) -0.008 (0.005)
Number of speaker holdings - 0.011(0.016)

Frequency of speaker usage

-0.074** (0.032)

Self-evaluation of the particularities of speakers

-0.056* (0.031)

Self-evaluation of the amount of professional knowledge

0.013 (0.035)

phi® 5,584 (0.53) 5.86*** (0.55)
Constant —0.993*** (0.343) | —0.219 (0.415)
Observations 200 200

R? 0.046 0.084

Log likelihood 79.407 84.044

Table 2. Regression results for the area ratio of the target product in the survey data. One asterisk refers to a
p-value smaller than 0.1, two asterisks to a p-value smaller than 0.05, and three asterisks to a p-value smaller
than 0.01; parentheses indicate the standard error of every variable. *phi was estimated as a parameter that

decided the shape of the beta-distribution for the models.
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Figure 3. Illustration of different creative performances of the high and low area-ratio groups in the survey
data. The left panel shows the results based on the resampled idea novelty to individuals; the middle panel shows
the results based on the idea novelty to a group; the right panel shows the results based on the idea novelty in
history. The left bar of the bar chart in all panels indicates the average value of the metric in the high area-ratio
group (i.e., participants with the top 25% area ratio) while the right bar, that of the low area-ratio group (i.e.,
participants with the bottom 25% area ratio).

all metrics: the idea novelty to individuals (high area-ratio group: 2.57; low area-ratio group: 2.64; t= —12.26,
p value<0.01; r=0.77), idea novelty to a group (high area-ratio group: 27.95; low area-ratio group: 41.51;
t=—1.73, p value=0.08; r=0.17), and idea novelty in history (high area-ratio group: 30.37; low area-ratio group:
42.06; t=—1.90, p value=0.06; r=0.19). Since the idea novelty to individuals’ skewed distribution could lead to
unreliable results in the statistical test*®, we implemented bootstrap resampling (see details in Section S6.1 of the
Supplementary Information) to obtain robust results in the statistical test*.

Moreover, we employed regression models to examine the impact of different attention deployment patterns
on creative performance. Since previous research®!! has found that professional knowledge and the use of target
products also affected creative performance, participants’ knowledge test scores and their basic information on
speaker usage were controlled in the regression models. As explained in the above sections, the basic information
on speaker usage included four variables: (1) number of speaker holdings, (2) frequency of speaker usage, (3)
self-evaluation of the particularities of speakers, and (4) self-evaluation of the amount of professional knowledge
about speakers. Along with these variables, participants’ gender and age were controlled. As the correlations
among the independent and control variables were high (see the correlations in Fig. S1 in the Supplementary
Information), we used the LASSO regression to build our models to prevent collinearity*’. In LASSO regression,
variables that do not have significant effects on the dependent variable are given zero coefficients (i.e., the coef-
ficients of these variables will be set to zero); only variables that significantly affect the dependent variable have
non-zero coefficients. Therefore, the LASSO regression is effective in finding the smallest model and preventing
collinearity among variables*. The results of the LASSO regressions are shown in Table 3. The lambda in Table 3
is the penalty parameter of the LASSO regression. As lambda increases, the model becomes stricter towards
unnecessary variables; that is, more variables will be removed from the model (i.e., the coeflicients will be set to
zero). The best lambdas reported in Table 3 were estimated using the AIC*. In all three models, the area ratio
had non-zero but negative coeflicients on participants’ creative performance (in Model 4 using the idea novelty
to individuals as the dependent variable: coefficient= —1.17; in Model 5, using the idea novelty to a group as the
dependent variable: coefficient= —17.06; in Model 6, using the idea novelty in history as the dependent variable:
coefficient= —13.67). These results indicated that the target product’s area ratio in the participants’ pictures had
significantly negative effects on creative performance.

Based on the Amazon review data, we obtained the same results as shown in Fig. 3 and Table 3 (see details
in Sect. 6.2 of the Supplementary Information). Compared with the top area-ratio group (participants with the
top 25% area ratios), the bottom area-ratio group (those with the bottom 25% area ratios) had a significantly
higher average review novelty to a group (the top area-ratio group: 5.64; the bottom area-ratio group: 6.98;
t=—12.22, p-value <0.01; r=0.24) and in history (the top area-ratio group: 1.50; the bottom area-ratio group:
2.47;t=-7.57, p-value<0.01; r=0.15). In the regression models (OLS), the area ratio had a significantly negative
effect on participants’ creative performance (in the model using the review novelty to a group as the dependent
variable: coefficient= —1.707; p-value < 0.01; in the model using the review novelty in history as the dependent
variable: coefficient= —1.308; p-value <0.01).

These results indicated that when participants used their concentrated attention, they had a lower creative
performance; contrarily, when participants used their divided attention, they had a higher creative performance.
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Idea novelty to individuals | Idea novelty to a group | Idea novelty in history
Dependent variable Model 3 Model 4 Model 5
Area ratio -1.168 —-17.064 —-13.667
Test score 1.057 0.972
Gender - 2.502 1.967
Age - - -
Number of speaker holdings - -
Frequency of speaker usage - - -
Self-evaluation of the particularities of speakers - - -
gsgéezsiiitigzaiizge amount of professional knowl- 0013 ~3.369 3435
Constant 0.209 42.334 46.455
Lambda® 0.079 1.585 1.259
Observations 200 200 200

Table 3. Regression results for creative performance in the survey data. The —indicates that the variable was
eliminated (i.e., had a coefficient of zero) in the LASSO regression. *The best lambda value is reported, which is

estimated by the AIC of the models.

(a) Survey data

Idea novelty to
individuals

Distance to

specialists

Idea novelty
to a group

-0.029"

Idea novelty
in history

-0.122™"

(b) Amazon data

T AN

-0.135"

Review novelty
to a group

Review novelty
in history

Figure 4. Illustration of the impact of the amount of professional knowledge on creative performance through
the attention deployment pattern. The left panel shows the results based on the survey data and the right panel,
based on the Amazon data. The rectangles represent the metrics of the amount of professional knowledge

(in blue), attention deployment pattern (in red), and creative performance (in black). The blue lines show the
impacts of the amount of professional knowledge on other variables (i.e., attention deployment pattern and
creative performance). The red lines show the impacts of the attention deployment pattern on other variables
(i.e., creative performance). The numbers around the lines represent the coefficient of structural equation
models. The asterisks represent the sizes of the p-values; One asterisk refers to a p-value smaller than 0.1, two
asterisks to a p-value smaller than 0.05, and three asterisks to a p-value smaller than 0.01. Parentheses indicate

the standard error of each variable.

Path analyses: impact of amount of professional knowledge on creative performance through

attention deployment patterns.

Finally, to combine the aforementioned results, we investigated how

participants’ amount of professional knowledge affected their creative performance through attention deploy-
ment patterns. Based on previous research*!, we conducted path analyses using the structural equation model.
This model consisted of two parts*: the first part examined the relation between the amount of professional
knowledge and the attention deployment pattern, and the second part examined the relation between the amount
of professional knowledge and creative performance when controlling the attention deployment pattern. Fig. 4a
illustrates the results of the path analyses based on the survey data. The results showed that the amount of pro-
fessional knowledge (i.e., the test score) did not have a significant direct impact on creative performance (i.e.,
the three types of idea novelty). However, by affecting the attention deployment pattern (i.e., the area ratio), the
amount of professional knowledge negatively impacted the creative performance (also see details in Table S6 in

the Supplementary Information).

Based on the Amazon review data, we conducted the same path analyses. As Fig. 4b illustrates, the results
were the same: the amount of professional knowledge (i.e. the distance to specialists) did not have a significant
direct impact on creative performance (i.e., the two types of review novelty). However, by affecting the attention
deployment pattern (i.e., the area ratio), the amount of professional knowledge negatively impacted the creative
performance (see details in Table S7 in the Supplementary Information).

Therefore, to summarise, participants with more (less) professional knowledge used their concentrated
(divided) attention that affected their low (high) creative performance.
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Discussion

In this study, we empirically showed that people with less professional knowledge give their divided attention,
which positively affects their creative performances. However, people with more professional knowledge use
their concentrated attention, which negatively affects their creative performances. Our research contributes to
the academic studies in the corresponding fields and the creative practices in the real world.

Academically, previous research!?-2%42-# on attention deployment patterns has found that several factors,
such as the environment of information processing and positive affect, impact participants’ attention deployment
patterns. However, to the best of our knowledge, the relation between the amount of professional knowledge and
attention deployment patterns remained unexplored. In this study, we examined this relation. A large amount
of professional knowledge leads to a focused attention deployment pattern; contrarily, a small amount leads to a
divided attention deployment pattern. Based on these results, we also uncovered the cognitive mechanism behind
the phenomenon wherein people with less professional knowledge can achieve higher creative performances
than those with more professional knowledge. It is because people with less professional knowledge use their
divided attention more during information processing. Finally, in terms of methodology, this study employed
computer-vision and natural-language-processing methods in computer science to develop the metrics of the
attention deployment patterns and creative performances. These metrics can deepen the discussions on cognitive
differences and creative performances in future research.

In practical terms, first, the results of this research expanded the application range of crowd-sourcing innova-
tion, which is a new way of utilising ideas from a group of people outside the organisation to achieve innovations®.
Previous research’!'" has found that crowd-sourcing innovation is an effective way to achieve innovations involv-
ing usage experiences (e.g., add a new function to speakers). Therefore, our results implied that crowd-sourcing
innovation is also effective when the innovations require a large amount of professional knowledge (e.g., the
development of new materials for food packages; see details in https://innocentive.wazoku.com/#/challenge/
3ebd1b5a7cc34ed1a299cc34e09a7736%searchIndex=2) *°. Specifically, even when faced with professional issues,
amateurs (i.e., people with less professional knowledge) in a crowd-sourcing innovation group would also be
able to generate more and better ideas than the R&D teams in companies*. Second, our results can contribute
to organisation design in the real world. When managers attempt to organise a team for creative activities (e.g.,
the R&D team), our results implied that a group of amateurs, instead of a group of specialists (i.e., people with
significant professional knowledge), could achieve a higher performance*®*’. Third, our research pointed out the
problem of specialists during creative activities: they tend to focus their attention in an extremely concentrated
way that hinders their ability to find new information combinations. Hence, by helping specialists to divide their
attention across a wider scope, their creative performances would improve.

There are three main limitations of this research. First, the discussions on user innovation focused only on
participants’ amount of professional knowledge. However, the diversity (i.e., combination) of their professional
knowledge also largely affects their creative performances in user innovation®''. Especially, previous research*®
has found that participants with multidisciplinary knowledge can also get high performances in user innovation.
Therefore, how the diversity (i.e., combination) of professional knowledge affects one’s creative performances
during user innovation should be discussed in future research.

Second, following previous studies, this research only discussed how focused and divided attention deploy-
ment patterns affect creative performances. However, as explained in the Introduction, attention deployment
includes other aspects (e.g., the sustainability aspect and aspects involving covert vs. overt attention). The issue
of how these other aspects of attention deployment affect creative performance should be discussed in future
research. Especially, based on a more comprehensive dataset, which consistently records both participants’ atten-
tion deployment patterns and their response times during creative activities, future research should address the
relation between the sustainability of on€’s attention deployment and their creative performance. In addition to
sustainability, because of data availability, this research did not distinguish participants’ attention deployment as
an overt one (i.e., deployed her/his attention consciously) or a covert one (i.e., deployed attention unconsciously).
In this regard, future research should investigate an interesting issue of how covert and overt attention deploy-
ments differently affect participants’ creative performances in creative activities.

Third, in this research, we developed several new metrics to measure participants’ amounts of professional
knowledge, attention deployment patterns, and creative performances based on computer science methods. To
examine the robustness of the results based on these new metrics, this research showed the consistency among
the results across two different datasets (i.e., the survey data and Amazon review data). However, there are still
many other potential ways to examine the robustness of our results, especially those based on the Amazon review
dataset. For instance, previous research® has found that previous job experience has a strong correlation with
a participant’s amount of professional knowledge. In addition, attention deployment patterns can be reflected
in people’s ways of categorisation®** (see details in Section S3.2 in the Supplementary Information). Finally,
creative performance has a correlation with one’s information searching pattern (e.g., focusing on divergent or
related information)™. Using a new dataset, including data on user profiles and their searching history on differ-
ent products, future research may build different metrics based on the above studies and re-test the robustness
of the results in this research.

Materials and methods
(1) Description of survey and Amazon datasets. In this study, we collected two datasets: a web-based
survey data from 200 Japanese participants and the Amazon review data comprising 201,489 reviews of speakers
from American participants.

To gather the participants in the web-based survey, we contracted with Rakuten Insight (https://member.
insight.rakuten.co.jp/), which is a famous investigation company in Japan. Rakuten Insight has the largest panel
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Area ratio = 0.449

speaker

-

Raw Picture ~ Output of Yolov3- oyt of Grabeut
mobilenet

Figure 5. Illustration of the output of Yolov3-Mobilenet and Grabcut. The left panel shows the input (i.e., raw
picture) of our models; the middle panel shows the output of Yolov3-mobilenet and the right panel shows that of
Grabcut. Yolov3-mobilenet detected the approximate location (red rectangle) of the speaker in the raw picture.
Grabcut detected the pixel-level contour (in orange) of the speaker based on the Yolov3-mobilenet output. The
area ratio can then be easily computed from the output of Grabcut. The area ratio in this picture was 0.449. The
picture used in this figure was taken by the first author. Therefore, this was only used for illustration but not a
real example in our two datasets.

in Japan consisting of more than 220,000 people. Participants in the web-based survey (age: mean =49.5, st.
dev=12.6; gender: female prob=14%) were randomly selected from the Rakuten Insight’s panel under the fol-
lowing conditions: (1) age ranges from 20 to 60 years old. (2) owns at least one speaker at home; and (3) the
speaker(s) were bought based on the participant’s will. All participants provided informed consent prior to study
enrolment. The experimental protocol was approved by the University of Tokyo Research Ethics Committee and
conducted in accordance with the latest version of the Declaration of Helsinki. Every participant in the survey was
required to (1) participate in a knowledge test (see details in Section S2 of the Supplementary Information) con-
cerning speakers, (2) submit a picture to introduce their speakers, and (3) submit an idea of future speakers (i.e.,
collected through the question: ‘Considering the development of speakers 5 years from now, please submit an idea
of the new functions of speakers in 2025’). We also gathered other control variables that were used to build the
regression models. The details of these variables can be found in Section S2 of the Supplementary Information.

We gathered the Amazon review data from the well-known online shopping website, Amazon.com (U.S.).
Using the product-filtering function in Amazon (U.S.), we gathered 201,489 reviews of all 424 products sold
under the ‘speaker’ category (published up to 1 June 2019). Additionally, in a part of the reviews (i.e., 4857
reviews), the pictures of the target products (i.e., speakers) were uploaded. All 9257 pictures were also gathered.

(2) Computation of the distance to the known specialists based on the Amazon review
data. In the Amazon review data, based on previous research®-**, we measured the amount of professional
knowledge of Amazon participants using the review texts. First, we gathered 645 specialists’ reviews of speakers
(i.e., the known specialists’ reviews; published up to 1 June 2019) from two well-known professional technical
blogs: CNET (https://www.cnet.com/) and Digital Trends (https://www.digitaltrends.com/). These specialists’
reviews were uploaded by the professional reviewers of speakers hired by the above two technical blogs. Next,
using the document-embedding model Doc2Vec*, we computed every Amazon review texts cosine distance
to the known specialists’ reviews (i.e., the distance to the specialists). Doc2Vec uses a neural network to obtain
the vector representation of the target text. Previous studies**!->* have found that a smaller cosine distance
between two vectors represents higher similarity between two texts. Therefore, the Amazon participants who
had a smaller distance to the specialists were considered as those with more professional knowledge, whereas
those who had a larger distance to the specialists were those with less professional knowledge.

(3) Computation of area ratio. In our two datasets, we measured participants’ attention deployment pat-
terns based on the area ratio in their pictures. To compute the ratio, we combined two well-known computer-
vision models: Yolov3-Mobilenet and Grabcut?>?’. The former, which is based on a neural network, was used to
recognise the approximate location of the speaker in pictures. The latter, which is based on a classification algo-
rithm, was used to recognise the pixel-level contour of the speaker in pictures. To train the Yolov3-Mobilenet to
recognise speakers, we labelled, by hand, the approximate locations (as shown in the middle panel of Fig. 5) of
the speakers in 400 randomly selected pictures from our two datasets and used them as training data. As shown
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in Fig. 5, by combining Yolov3-mobilenet and Grabcut, we could automatically identify the pixel-level contours
of the speakers in our picture data. Based on their contours, the area ratio could be easily calculated.

To verify the model-generated area ratios, we randomly selected 100 pictures from our datasets and computed
the area ratios by hand (see details in Section S3.1 of the Supplementary Information). We found that the cor-
relation between the model- and human-generated area ratios was as high as 0.80 (p-value <0.01).

(4) Computation of idea novelty to individuals. To measure the idea novelty of individuals, we asked
seven experts of speakers to evaluate participants’ ideas. Among these seven experts, four (i.e., experts No. 1 to
4) belonged to the R&D team of a world-famous audio device manufacturer in Japan; two experts (i.e., experts
No. 5 and 6) were researchers in the fields of information engineering and cognitive science at two different
universities in Japan; and one expert (i.e., expert No. 7) was from a very famous consulting company in Japan. A
5-point scale question was used for the evaluation, from 1=very low idea novelty to 5=very high idea novelty?.
During the evaluation, the experts were asked to evaluate the idea novelty by comprehensively considering three
factors®-3%: (1) the uniqueness of the expression of the idea, (2) the difficulty to generate the idea, and (3) the
quality of the idea. To justify the robustness of these evaluations, we investigated the correlations among the
seven experts’ evaluation scores. We found significantly positive correlations (ranging from 0.26 to 0.63; see the
specific correlations in S8 in the Supplementary Information) among the experts’ evaluation scores. These results
indicate that for the same idea, the seven experts provided consistent evaluations on its novelty.

Based on these evaluations, for every idea, we used the median of the seven evaluation scores as its idea
novelty to individuals®*-°.

(5) Computation of idea novelty to a group and review novelty to a group. In the survey data, to
measure the idea novelty to a group, we computed the Tf-idf (i.e., term frequency-inverse document frequency)
of every idea. Tf-idf is an effective indicator used to assess the rare occurrence (i.e., novelty) of a word or text in
a set of texts™. For every idea, we first computed the Tf-idfs of all words: Given the ideas collection D, word w,
and focused idea d, the Tf-idf of the word w in idea d is calculated as follows™*:

Tfdfy = pua * log( )
f w,D

where p,, 4 is equal to the number of times w appeared in d divided by the number of all words™ appearances

in d;|D|is the number of all ideas; and f,,,p equals the number of ideas in which w appeared. One word’s Tf-idf

indicates how novel the word is when compared with all words in other ideas; therefore, one idea’s Tf-idf equals

the sum of all words™ Tf-idfs for this idea®*-%:

D
Tfidfy = ZwedTﬁdfw = Zwedpw,d x 1og(%)
Tfidf; indicates how novel an idea d is compared with all other ideas. It indicates the idea novelty to the group
of idea d>.
Using the same methods as above (i.e., the Tf-idf of the review), we constructed the review novelty to a group
in the Amazon review data. The details of our methods can be found in Section S4.2 of the Supplementary
Information.

(6) Computation of idea novelty in history and review novelty in history. In the survey data, to
measure the idea novelty in history, we first needed a dataset that generally included speaker-related informa-
tion. Based on previous research®, we utilised 49,818 speaker-related Wikipedia pages (see details in Section S4
of the Supplementary Information). Based on these Wikipedia pages, we computed the communication burden
of every idea as an indicator of the idea’s novelty to history*’. Especially, the communication burden addresses
the rare occurrence (i.e., novelty) of a word or text when the texts belong to different categories (i.e., one idea
vs. all Wikipedia pages)®. For every idea, we first computed the communication burdens of all words: given the
Wikipedia pages collection Q, a word w, and the focused idea d, the communication burden of w was calculated
as follows™”:

CBW = —Pw,d X log(pw,Q)

where p,, 4 is equal to the number of times w appeared in d divided by the number of all words’ appearances in
d; pw,q equals the number of times w appeared in Q divided by the number of all words’ appearances in Q. The
communication burden of one word indicates how novel the word is compared with all words in the Wikipedia
pages; accordingly, the communication burden of an idea equals the sum of communication burdens of all words:

CBy = ZwedCBw = zwed T Pwd X IOg(Pw,Q)

CB, indicates how novel an idea d is compared with all Wikipedia pages. It indicates the idea novelty in his-
tory of idea d*’.

Using the same methods as above (i.e., the communication burden of the review), we constructed the review
novelty in history in the Amazon review data. The details of our methods can be found in Section S4.2 of the
Supplementary Information.
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Code and data availability
The R-code of the analyses in and the two datasets analysed during the current study are available in the following
URL: https://github.com/yoguluto/Different-attention-deploying-patterns.
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