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ABSTRACT
Exposing people to concepts created by others can inspire
novel combinations of concepts, or conversely, lead people
to simply emulate others. But how does the type of expo-
sure affect creative outcomes in online collaboration where
dyads interact for short tasks? In this paper, we study the cre-
ative outcomes of dyads working together online on a slogan
writing task under different types of interactions: providing
both the partner’s idea and their explanation for that idea, en-
abling synchronous chat, and only exposing a person to their
partner’s idea without any explanation. We measure the cre-
ative outcome and define text-similarity-based metrics (e.g.,
mimicry, convergence, and fixation) to disentangle the inter-
actions. The results show that having partners explain their
ideas leads to largest improvement in creative outcome. In
contrast, participants who chatted were more likely to reach
convergence on their final slogans. Our work sheds lights
on how different online interactions may create trade-offs in
creative collaborations.

CCS Concepts
•Human-centered computing → Computer supported co-
operative work; Empirical studies in collaborative and so-
cial computing;
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INTRODUCTION
For many problems, people work together in teams to generate
creative solutions. Many empirical studies on team perfor-
mance have been conducted to examine individual attributes,
such as personality types, social/emotional intelligence, abil-
ity level, and cultural values in teamwork [26, 20, 23, 42].
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Researchers have also studied how teams interact, both when
collocated or working remotely, and provided guidance on
the choice of tools for different collaborative tasks [9]. A
key question in team performance is, how should teammates
interact online to best improve creative outcomes?

In this paper, we focus on interaction mechanisms that affect
how dyads collaborate on online tasks to generate creative
ideas. We compare different types of direct and indirect in-
teraction between pairs of online participants. Specifically,
we explore how dyads perform tasks with increasing level of
interaction under following four conditions: 1) Expose: When
team members interact indirectly by viewing each other’s idea
but do not communicate. 2) Explain: When team members
view each other’s idea but also give a written explanation of
their idea to their partner. 3) Chat: When team members view
each other’s idea and then ideate together by chatting with
their partner about their ideas. 4) Discuss: When team mem-
bers view each other’s idea and explanation for the idea and
then ideate together by chatting with their partner.

Our analysis compares these different types of interaction on
group-level creative outcomes. We use text similarity-based
metrics to uncover how users interact and behave in different
conditions, including whether dyads converge or diverge from
each other. Our findings show that: 1) Explaining one’s idea
inspires teammates to generate more creative ideas than the
conditions involving synchronous chat; 2) teammates are more
likely to converge on similar ideas when they chat; and 3) text
similarity measures can identify unproductive chats.

This paper makes the following main contributions:

1. We study how the types of interactions between dyads
affect creative output. Specifically, we show that idea-
explanations lead to more creative final outcomes, but that
chat promotes convergence among teammates.

2. We analyze chat logs to unpack how mutually productive
chats compare with chats dominated by one person’s idea.

3. We discuss implications for supporting computer-mediated
creative work and improving interaction around examples
through chat and idea-explanation.
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RELATED WORK
We review existing research on brainstorming, including the
pros and cons of exposing others’ ideas. Next, we discuss
efforts to study interaction between participants, specifically
synchronous chat and idea explanations.

Brainstorming in teams
Generating creative ideas is important for any enterprise to
innovate. Prior work on brainstorming shows the importance
of asking people to independently create ideas before exposing
them to others. Although brainstorming is expected to enhance
the number and quality of the ideas generated, controlled
studies that compare interactive brainstorming with nominal
groups have shown that verbal brainstorming in groups actu-
ally hinders the number of ideas generated [38, 35, 30]. This
has been attributed to a range of factors such as reduced moti-
vation in groups (i.e., social loafing), concern with evaluation
of ideas in groups, group members matching their performance
to that of the low performers in the group or the fact that only
one idea can be expressed at one time in the group [45].

Electronic brainstorming has been proposed to counter some
of these problems [15]. Past work on group electronic brain-
storming has been reported to provide significantly more orig-
inal ideas than nominal groups. Baruah et al. [6] report that
electronic brainstorming groups became more creative and
exhibited slower productivity loss compared with the nominal
groups working electronically over time. Paulus et al. [45]
show that electronic group interaction enhances the number of
ideas and their quality relative to similar number of individ-
uals who generate ideas without sharing them. The authors
also show how increasing the number of examples shown to
individuals affect these outcomes. Interactive groups produce
fewer combinations because viewing and thinking about oth-
ers ideas takes time away from production [31]. Our research
adopts the nominal group approach for generating initial ideas,
but then we pair people up to share ideas in order to compare
different models for interactive brainstorming.

Pros and cons of exposing people to ideas
Exposing ideas by others often affects one’s ability to ideate
[34, 4]. Such exposure may have motivational effects since in-
dividuals may use the ideas generated by others as a reference
point for their own performance (social comparison effect).
For example, Nojstad et al. [40] showed that individuals ex-
posed to others’ ideas performed better than those who were
not. Exposure to others’ ideas can provide a cognitive spark,
for example in work by Chan et al. [12], experts monitor in-
coming ideas from the crowd through a dashboard, and curate
high-level “inspirations” to guide ideation towards interesting
solution themes. Similarly, Andolina et al.[3] proposed the
Crowdboard system, where in-person ideators can elicit syn-
chronous creative input from online crowd workers recruited
on-the-fly. In contrast, our work focuses on comparing dif-
ferent modes of interacting and exposing ideas between two
people working together online.

The disadvantages of showing examples can be that reading
ideas of others can limit the time one has to generate one’s

own ideas [28]. Exposure to ideas from others may also in-
crease idea uniformity since these ideas may prime similar
ideas [45]. Exposure to a large number of ideas may result
in cognitive overload and a tendency to ignore the presented
ideas. Researchers also found that groups tend to focus on
agreement instead of diversity of perspectives [49].

When exposed to other ideas, individuals may exhibit fixation,
which is considered an impediment to productive problem
solving [32]. In interactive brainstorming, rather than explor-
ing a diverse set of ideas, participants might conform to the
categories of ideas suggested by other group members. Em-
pirical studies in design have also shown exposure can cause
fixation [17, 56].

Many methods have been proposed to decrease fixation during
ideation exercises [28, 47]. To help prevent people from pre-
maturely conforming to existing ideas, some research would
recommend that groups alternate between generating ideas
alone and being exposed to their peers’ ideas [46]. This paper
explores interactions that enable people to first work indepen-
dently and then effectively communicate with others such that
it reduces fixation and improves creative outcomes.

Improving collaboration with synchronous team chat
Synchronous chat allows individuals to not only explain their
own ideas to online collaborators, but also discuss new ideas
and to potentially riff on each other in real time. While chat
might help some teams creatively combine their ideas, others
might feel prohibited in their interaction and only shallowly
influence each other [16]. Social loafing [30] may also occur
in synchronous chat if individuals give less effort to the team
task due to diffused responsibility.

To analyze how chat affects outcomes, Coetzee et al. studied
online, synchronous, interactive peer learning for both crowd-
workers and students [14]. They found that teams who chatted
not only answered more correctly than individuals but also
enjoyed the experience more. Furthermore, participants who
justified their answers improved further. Similarly, Niculae
et al. explored whether interactions can help improve workers’
output by proposing a framework for analyzing conversational
dynamics to determine whether a given task-oriented discus-
sion provides value [39]. They focus on applying natural
language processing techniques to predict whether a discus-
sion would be constructive based on analyzing users’ chat
logs. They tag a team discussion as ‘constructive’ if it results
in an improvement over the potential of the individuals. By
doing so, the authors show that factors like balance in idea
contributions between the team members is a good indica-
tor of productive discussions. We use a similar measure of
balance to identify non-productive chats. While studies in
collaborative work [53] and sensemaking methods [22] have
studied information sharing for specific interaction conditions
(say chat), our study compared how different interaction con-
ditions affect the creative outcome and is the first to explore
the cross-product between chatting and explaining.

Many studies on conversational processes have studied the
linguistic makeup of conversation logs and used dictionary text
features (like LIWC) to provide feedback during conversation



[50] or to predict performance [21]. In contrast, our measures
for similarity calculation (universal encoders) do not assume
pre-defined dictionary features. We use a state-of-the-art word
embedding method for all metrics, which improves upon on
past metrics that use a TF-IDF representation scheme [52, 53].

Improving collaboration with idea explanations
To expose the underlying thinking behind an idea, team mem-
bers could be encouraged to explain their idea, which could
be done asynchronously, or used in conjunction with real-time
chat. Prior work shows that explaining an idea often helps the
recipient incorporate the new information with their own [41].

Researchers have also explored the idea of peers explaining
their idea to partners. For instance, Drapeau proposed a Mi-
croTalk workflow for crowd teams et al. [19]: given a labeling
task, workers first assess the task and give their answers inde-
pendently; workers are then asked to come up with arguments
to justify their answers; finally, workers are presented with
arguments from a different answer and are then asked to re-
consider their answers. Similarly, Chang et al. [13] propose
a three stage procedure to improve label accuracy. This body
of results imply that including participant explanations could
have positive impacts on team outcome. However, prior work
has focused on relatively simple tasks and the worker interac-
tions are limited to presenting arguments from another worker.
In contrast, our work compares different modes of interaction
on a creative task.

Inspired by the effects that different types of interactions may
have, we examine the relative effects of enabling chat and
encouraging explanations, or using both, on the creative out-
comes of dyads. To do so, one option is to independently
create and then share ideas with others. Dow et al. [18] show
that dyads who share multiple ideas, as opposed to just one
idea, more effectively explore the idea space and produce more
creative outcomes. A second option, and one used in recent
studies [14, 13], is to ask participants to reflect on their own
idea and provide explanation or justification for it. Finally,
a third option, inspired by electronic brainstorming [46], is
for team members to discuss their ideas through synchronous
chat. In our study, we compare and contrast these options and
explore the underlying factors affecting dyad interactions.

METHOD

Experimental design
We designed a 2 × 2 study with four interaction condi-
tions: ‘Expose’, ‘Explain’, ‘Chat’ and ‘Discuss’ as shown
in Fig. 2. The variation between the conditions occur on
two axes—whether participants are allowed to chat or not and
whether their idea-explanation reaches the partners or not. The
four conditions allow us to understand how emphasizing these
elements of interaction affects creative output.

After completing the ideation task alone, each participant
encounters one of the four interaction conditions for the team
task. Participants do not know their condition apriori or if they
will get to chat with a partner or not. The four conditions are:

• Expose: Partners are not allowed to chat. After the selection
phase, each participant is shown her favorite idea along with
her partner’s favorite idea.

• Explain: Partners are not allowed to chat. After selection,
each participant is shown her favorite idea along with her
partner’s favorite idea. Compared to Expose condition, each
participant also views the explanation her partner provided.

• Chat: Partners are allowed to chat with each other. Similar
to the Expose condition, each partner is shown her selected
idea along with her partner’s selected idea. A chat window
opens within which she can live chat with her partner to
brainstorm or refine their ideas.

• Discuss: Partners are allowed to chat with each other. Simi-
lar to Explain condition, each partner is shown her favorite
idea along with her partner’s favorite idea. A chat window
opens within which the partners can chat synchronously to
brainstorm or refine their ideas.

The precise prompt shown to participants in the Chat condition
is: “Read your partner’s slogan. Now chat with your partner
and write a slogan for the product before the timer runs out.
Create new ideas that blend the strengths of your idea and your
partners, don’t just copy/paste one of them.”

Participants
We recruited 120 participants from Amazon Mechanical Turk
where each condition received thirty unique participants paired
randomly to work in teams of two. Each worker who accepted
the HIT was paid $0.35 as standard payment to stay in the
waiting room before their partner arrives. Workers were asked
to continue with other tasks and keep the window open. As
soon as another worker accepted the HIT, those two were
paired into a team for the main task. We give a $2 bonus
to each team member for completion of the main task. The
average completion time for all tasks is 8.3 minutes, leading
to an hourly wage of $17. Introducing direct communication
between pairs of participants on the same tasks required us
to synchronize the work pace of pairs of participants [7, 8].
To overcome the challenge of pairing up crowd workers to
perform real-time collaborative work, we adopted a “waiting
room” strategy [33]. Workers who dropped out mid-task were
given bonus in proportion of time spent and phases completed.
The average age of participants in our experiment was 37 years,
56% of which were males and most common ethnicity was
white (78%). Bachelor’s degree was the most common highest
level of education among workers. 62% workers reported
being employed full time.

Procedure
We conducted a randomized experiment on MTurk to test our
hypotheses regarding how interactions affect a team’s creative
outcomes. Participants were paired into teams of two to work
on a creative ideation task. Figure 1 shows the workflow of a
typical task given to a participant. Each task includes seven
phases—1) Matching, 2) Pre-survey, 3) Ideation, 4) Selection,
5) Interaction 6) Final and 7) Post-survey.

In the matching phase, participants who accept the HIT are
randomly matched to form two-person teams. Once the team



Figure 1. Task workflow for MTurk experiment to compare four conditions. In the interaction phase, greyed box shows conditions where explanation
of idea is displayed to partner. Boxes with dashed outline denote conditions where partners can participate in live chat.

Figure 2. The four conditions considered in our study. Teams in the
conditions in the right column see an explanation from their partner,
while the teams in the bottom row interact via chat.

is formed, each partner is notified that they have been matched
and the task starts. In the pre-survey phase, each participant
independently completes a survey containing questions about
a participant’s demographics. Once the participant completes
pre-task surveys, she is directed to the ideation phase where
she works alone on an ideation task: generate advertising
slogans for a futuristic looking bike. The participants can
enter as many ideas as they want and we ask them to work on
this task for a minimum of four minutes. After entering all
ideas, each participant moves to the selection phase where she
is shown all her submitted ideas and asked to select her favorite
idea. She is informed that this favorite idea will be shown to
her partner and asked to provide explanation or justification
supporting her idea.

We designed the experiment such that all participants are asked
to explain their favorite idea regardless of condition. However,
this explanation is only displayed to the partner in two of the
four conditions in order to tease apart the effects of writing
explanations (which all participants did) and showing the ex-
planations. At the end of the interaction phase, each partner
independently enters a final idea in the final phase—e.g., this
can be a repeat or modification of a previous slogan, or a
completely new slogan. After submission, they proceed to
the post-survey phase, which has survey questions to measure
their perceived diversity, helpfulness and enjoyment scores as
discussed in following sections.

Ideation Task Design
For ideation phase, participants generated advertising slogans
for a transportation device shown in Fig. 3. We chose this ad
design task because it fulfilled several key criteria discussed in

Figure 3. Ideation task: Write a three sentence advertising slogan for
this transportation device. This slogan will be shared with your part-
ner for the team task. You will spend 4 minutes on this task until the
countdown runs out.

[37, 18]: 1. Participants could exhibit individual creativity, but
it would also benefit from collaboration. 2. It is open-ended,
complex and accepts different viewpoints, thus it is likely to be
affected by interpersonal dynamics. 3. It could be completed
in a short duration and did not require previous knowledge.
4. External judges could rate the quality of the work.

Participants could enter as many slogans as they wanted and
had to spend minimum four minutes on the ideation task with
no maximum time limit.

Measures
We capture multiple attributes from participants, either by
directly asking them a survey question or by analyzing their
text input. We explain these measures below.

Creative outcomes: We measure creativity of a slogan from
expert ratings on novelty and quality. For any given idea, we
ask experts to rate on a five point scale (Not at all to Very
much) for two questions: 1) How unique, unusual, or novel
is this slogan? 2) How useful is this slogan for the intended
purpose?

These survey questions are based on prior work [44], where
novelty and quality questions were used to find concepts which
are more creative. For novelty, we also clarified to the review-
ers that they should focus on global novelty and not local
novelty (novelty compared to other slogans within a particular
survey). We take the average of novelty and quality ratings
to calculate the creativity score by mapping the Likert scale



Figure 4. Text similarity metrics calculated for ideas. Mimicry is de-
fined as the similarity of Person 1’s final idea and Person 2’s selected
idea. Convergence is the similarity of two final ideas, while fixation is
similarity between same person’s final idea and selected idea.

responses to equally spaced intervals between 0 and 4, with
4 being the highest possible creativity. By taking average rat-
ings from multiple raters, the score is expected to provide a
signal of true creativity of the slogan. We measure creativity
of the slogan selected as favorite in selection phase (named
Creativitys) and also the final slogan from the final phase
(named Creativity f ). To measure improvement of an individ-
ual’s slogan, we calculate the difference in creativity scores,
termed as ∆ creativity, which equals Creativity f −Creativitys.

Perceived Diversity: Creative output of a team can be af-
fected by diversity of the team. However, concept of “diversity”
has a variety of meanings, including separation in attitudes or
viewpoints; variety of positions, categories or backgrounds;
and disparity in values on some resource or asset [24]. We
measured perceived diversity after completion of the inter-
action task to understand how different users perceived their
partners from themselves. Six items measuring perceived di-
versity were taken from previous research [25]. Sample items
include “My partner and I were similar in priorities” and “My
partner and I were similar in commitment to working hard on
this task.” Similar to [55], we reverse-coded the score on the
five point scale to get the measure of perceived diversity. We
asked these questions in the post survey phase after completion
of the final phase. Factor analysis was performed, and showed
that the questions used loaded on one and the same factor
and Cronbach’s alpha was 0.89, which indicates a reliable
reflective variable.

Helpfulness, Enjoyment and Motivation: In addition to
above measures, we ask six additional questions in the post
survey to judge how the users felt about the task and their
experience with partner interaction. To measure helpfulness
of partner, we ask users to answer on a scale of 1 (Disagree
strongly) to 7 (Agree strongly)—a) “My partner’s comments
were helpful” and b) “My ideas and comments were helpful”.
To measure task enjoyment, we ask users to answer on a scale
of 1 (Disagree strongly) to 7 (Agree strongly)—a) “I enjoyed
working with my partner on this task” and b) “My partner
and I worked well together.” To measure their will to perform
better on task, we ask users to answer on a scale of 1 (Disagree
strongly) to 7 (Agree strongly)—a) “I wanted to perform well

on this task” and b) “My partner wanted to perform well on
this task”. As discussed in the results section, these factors
indicate how satisfied a participant is with the team task.

Similarity measures based on text: Figure 4 shows different
text based metrics derived from responses given by partici-
pants. The top part shows the ideas submitted by the first
user in different phases and the bottom part shows the ideas
submitted by her partner. To measure relationships between
these ideas, we use Universal Sentence Encoder [11]—one
of the state-of-the art text embedding methods to find vector
representation of each slogan. The Universal Sentence En-
coder encodes text into high dimensional vectors and is widely
used for text classification, semantic similarity, clustering and
other natural language tasks. The models are trained on varied
sources like Wikipedia, web news, web question-answer pages
and discussion forums and outputs a 512 dimensional vector
for each slogan.

Similar to Semantic Textual Similarity shared tasks [10], we
used cosine similarity to estimate the relatedness of each pair
of text ideas. The similarity score is 1 if two text responses are
exactly the same. To verify these ratings, we asked four human
raters to score similarity between a set of 45 slogans (generated
in our trial experiments) on a scale of 0 to 5. We calculated
similarity scores given by word embedding method and cal-
culated the correlation of these scores with the human-ratings
using Pearson’s correlation coefficients. Similar approach has
been used in literature [51] to verify sentence embedding meth-
ods, where correlation values between 0.4 to 0.7 was observed
across different automated methods. We found our method’s
correlation with average human similarity ratings to be 0.71,
showing that it captured similarity between text slogans.

We use text similarity values to calculate the following mea-
sures: Convergence, Fixation, Mimicry, Exploration, Idea sim-
ilarity (selected) and Idea similarity (all) as shown in Fig. 4,
and describe how they may help in uncovering interactions
between partners.

1. Convergence: The convergence metric denotes how close
the final ideas of the two partners were. We measure conver-
gence as the similarity between the submitted ‘Final Idea’
for both participants. If the convergence score is closer
to one, it indicates that both partners submitted the same
final idea. We hypothesize that with increasing interaction,
convergence of ideas should increase as partners can gain
consensus on a final idea.

2. Fixation: In creative problem solving, individuals often
face fixation, an impediment to productive problem solv-
ing [36]. To measure fixation, we calculate the text sim-
ilarity between a user’s favorite idea (pre-treatment) and
her final submitted response (post-treatment). If the simi-
larity is closer to one, it indicates a possibility of fixation
as the person did not change her initial response after the
interaction activity.

3. Mimicry: We define mimicry as a measure of someone
imitating their partner’s idea. Aston et al. [5] found that
mimicry facilitates creative problem solving by increasing
convergent thinking, which aids the identification of a sin-



gle, common solution from multiple alternatives. However,
it impedes generation of novel ideas. As shown in Fig. 4,
we measure mimicry as the similarity between participant’s
final idea and her partner’s favorite idea shown to them. A
mimicry score close to one indicates a possibility that the
person simply imitated her partner’s favorite idea shown
to her. Note that our measure named ‘mimicry’ is a some-
what different use of the word than in the work of Scissors
et al.[48] and Gonzales et al.[21], who study convergence
on linguistic dimensions (such as vocabulary) as a way of
signaling affinity toward partners.

4. Exploration: Exploration is defined as how well the idea
space is covered. We measure exploration score for a user
by measuring the average pairwise dissimilarity between
all ideas generated by a user in the ideation phase. If a user
generates multiple ideas similar to each other, then her score
will be close to zero, while if she generates multiple ideas
which are quite different from each other, the set will get
a higher exploration score. Users who generate only one
idea get a score of zero. As the number of ideas increase,
we expect the exploration score to increase. For the same
number of ideas, higher exploration score will indicate a
more diverse set of ideas submitted by the user.

5. Idea similarity (selected): To measure the distance be-
tween ideas of partners, we calculate the cosine similar-
ity between their favorite ideas. As individuals view each
other’s favorite idea, similarity between user’s and her part-
ner’s idea can affect openness to adoption of new idea. On
the other hand, quite dissimilar ideas can open new direc-
tions of thought for the user.

6. Idea similarity (all): Although individuals view each
other’s favorite idea, they generate multiple ideas in the
ideation phase. The similarity between all ideas of one par-
ticipant to all ideas of another participant may indicate how
similarly they thought about the problem overall (irrespec-
tive of what slogan they chose as favorite). To measure it,
we calculate the cosine similarity between average vector
representation of all ideas of two partners.

Word count: Past literature has indicated that the length of
a text artifact (total number of words) often correlates with
quality ratings [2]. While we do not expect word count to
correlate with idea quality for our experiments, we measure
it to understand differences across interaction conditions. We
define wc f as the total number of words in idea submitted in
final phase and wcs as the total number of words in the favorite
idea of a user. ∆wc measures the increase in the number of
words from selection to final stage.

RESULTS
Participants in our experiments submitted a wide variety of
slogans. The explanations provided for slogans often provided
details on what the slogan meant. For instance, one participant
in Chat submitted the slogan:

The best, the brightest and the most beautiful, class on two wheels.

They then explained:
I think this bike would be purchased often by Millennials. They don’t
care about price, they care about how something looks, who it impresses
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Figure 5. Participants in the Explain and Discuss conditions saw a
significant shift in average creativity after interaction with the partner.
For each condition, left side bar indicates the creativity of the favorite
slogan from the selection phase and the right side shows the average
creativity of the final slogan.

and how well it functions. I think this is a beautiful bike with excellent
workmanship (the best) and very classy. It is made to impress and to
function. Considering who we are marketing it to, I think stressing
those points and yet keeping it simple is the way to go.

Final creativity is higher in the Explain condition
To calculate the creativity for each condition, we first find the
average creativity of each slogan from four raters. Next, we
find the average ratings of all thirty slogans in a condition to
calculate the mean creativity for each condition. Fig. 5 shows
the average creativity ratings for the four conditions. Bar on
the left within each condition represents the average creativity
of slogan generated before intervention, while the one on right
indicates the average creativity of final slogan. We find that
average final creativity is highest for the Explain condition
(mean (µ) 2.39, standard deviation (SD) 0.59), followed by
the Chat (µ 1.85, SD 0.49), the Discuss (µ 1.92, SD 0.55) and
the Expose (µ 1.72, SD 0.49) conditions.

To statistically compare the final creativity in the four con-
ditions, we performed a four-way comparison between Ex-
pose, Explain, Chat and Discuss using analysis of variances.
ANOVA found a significant main effect between the four cases
for final creativity (p value 2.36e-05). We followed up with
Tukey’s test (with a family-wise error rate of 0.05) to inves-
tigate the differences in means between the three conditions.
The differences in means are shown in Table 1, which shows
that the final creativity is highest for Explain and least for
Expose. A post-hoc Tukey HSD test showed that the pair-
wise differences between Explain and other three conditions
is significant with mean difference of 0.68 for Expose, mean
difference of 0.54 for Chat and 0.47 for Discuss.

Since we define creativity as the average of quality and nov-
elty, we also compare the attributes individually and find that
Explain achieves both higher quality and novelty. An ANOVA
followed by Tukey’s test showed that the results are statis-
tically significant for all comparisons for both novelty and
quality (except for comparison of average quality between
Explain and Chat, although the mean difference is large). As
quality, novelty and creativity are correlated (Pearson correla-
tion > 0.9), we only report the creativity results in Table 1.



Factor ANOVA ANOVA Mean Difference Mean Difference Mean Difference Mean Difference Mean Difference Mean Difference
F value p value Discuss - Chat Explain - Chat Expose - Chat Explain - Discuss Expose - Discuss Expose - Explain

Creativity f 8.89 2.36e-5 0.07 -0.47* 0.21 -0.54* 0.14 0.68*
∆ creativity 3.93 0.01 -0.05 -0.48* 0.04 -0.42 0.10 0.52*

∆ word count 3.36 0.02 -4.7* -12.67 -1.63 -7.97 3.07 11.03
Perceived diversity 2.78 0.04 -0.51 -0.65* -0.46 -0.14 0.05 0.19

Convergence 14.90 2.86e-8 -0.02 0.24* 0.24* 0.26* 0.26* 0.00
Helpfulness 2.80 0.04 0.83* 0.58 0.65 -0.25 -0.18 0.07

Table 1. Attributes where significant differences were found. A score of -0.47 between Explain and Chat for Creativity f implies that mean final creativity
of Explain is 0.47 higher than Chat. Significant difference in mean from Tukey’s test are indicated by *.
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Figure 6. The average convergence is higher when the teammates had
an opportunity to interact in real-time.

Creativity increased more in the Explain condition
The interaction conditions not only affects the final creativity
but also the change in creativity. Hence, we compared the
∆ creativity for all the four conditions. The ∆ creativity is also
highest for Explain condition (µ 0.72, SD 0.76). Tukey’s test
indicates significant pairwise differences in ∆ creativity for
both Explain vs Discuss (mean difference 0.42) and Explain
vs Expose (mean difference 0.52).

Real-time interaction helped dyads converge
Figure 6 compares the final slogan convergence across the four
conditions. We expected and observed that chatting allows
members to come to agreement on a common slogan, lead-
ing to significantly higher convergence scores for Chat and
Discuss compared to Expose and Explain.

We also notice the effect of higher interaction in our post-
survey questions, where ANOVA found a significant differ-
ence for perceived diversity and helpfulness. The perceived
diversity (µ 0.80, SD 0.91) is lowest in the Chat condition and
users in this condition also report highest average helpfulness
score (µ 6.1, SD 0.99). The difference in mean shows that
users in the Chat condition found their partner more helpful
and perceived them as more similar to themselves compared
to Expose, Explain and Discuss. However, the difference in
perceived diversity is only significant between Explain and
Chat. The difference in helpfulness is only significant between
Discuss and Chat. Surprisingly, despite similar chat based
interactions, the Discuss condition did not have similar per-
ceived diversity and helpfulness scores to that of Chat. There
are two possible explanations for this difference. First, as
members have more information to process in Discuss con-
dition, they may not have time for interactions. This would
lead to fewer chats and lesser team satisfaction with the chat
activity. Second, it is possible that the higher information
provided in Discuss (via self explanations) lessened the need

for members to interact further for the team task. Hence, they
did not need to communicate as they already had enough infor-
mation to complete the task. By analyzing the chat logs, we
show later that there is more evidence supporting this reason.

Differences between conditions for other factors
Other differences across conditions were not significant. Al-
though the average mimicry for Discuss (µ 0.63, SD 0.22) and
Chat (µ 0.61, SD 0.20) was higher compared to Expose (µ
0.59, SD 0.21) and Explain (µ 0.55, SD 0.22), no statistical
difference is found between the four conditions for mimicry
scores. Similarly, the average fixation for Discuss (µ 0.72,
SD 0.19) and Chat (µ 0.70, SD 0.16) is higher compared to
Expose (µ 0.65, SD 0.20) and Explain (µ 0.62, SD 0.20) but
the differences are not significant. We did not find statistical
differences between conditions for average initial creativity
of favorite ideas, average total number of ideas generated,
exploration score and partner similarity too.

Note that in comparing the different factors in Table 1 us-
ing ANOVA, we assume that partners are independent, as we
instructed them to submit their slogans independently. How-
ever, it is possible that the two slogans may depend on each
other by a factor which is hard to quantify. To account for
this possible issue in statistical comparison, we conducted a
followup test by randomly sampling 15 individuals from each
condition, such that no two partners are selected in a sample
set. We collect 1000 such samples. Next, we do a one-way
ANOVA to compare the conditions for each of the 1000 sam-
ple set. Where the null hypothesis is rejected, we conduct a
followup Tukey’s test. On running this simulation, we find that
the conditions differ significantly (p<0.05) for Convergence
(99.9%) and Final creativity (93.3%) in a large proportion
of the comparisons. However, other factors like perceived
diversity (42.1%), increase in creativity (29.1%) and increase
in word count (32.3%) are not significant in majority of the
random samples. However, by sampling half the members, we
reduce the statistical power of the test too.

Correlation analysis
We calculate Pearson’s correlation between all measures com-
bined. There was positive correlations between novelty final
and quality final (correlation 0.68) as well as novelty selected
and quality selected (correlation 0.57). This indicated that
slogans which received higher quality ratings received higher
novelty ratings too. We also found perceived diversity was
negatively correlated with enjoyment ratings (-0.82). On the
other hand, enjoyment ratings and helpfulness were highly
correlated (0.81). This showed that in all cases, users who



perceived their partners as different from themselves reported
enjoying the task less and found their partner to be less helpful.

When we focus specifically on ∆ creativity for each condition
separately, we find that four factors (∆ word count, enjoyment,
helpfulness and motivation to perform well) have the high-
est correlation with an increase in creativity score among all
conditions. The correlations for last three of these factors
indicates that an increase in creativity was accompanied by
participants who found their partner’s input helpful, enjoyed
working with their partners, and felt that the team wanted to
perform well (the correlations are positive but the magnitude
of correlations are small (less than 0.35)). On the other hand,
the correlation of ∆ creativity and ∆ word count may be due
to two reasons. One possible explanation of this behavior
explained in past literature [2] is that longer increase in slogan
size may indicate participants may have devoted more time
to the primary task, rather than to the secondary activity of
chatting, which maybe reflected by higher creativity rating.
Another possible explanation maybe that judges simply use
length of slogan as a proxy of quality.

Analysis of chat logs
So far we investigated text similarity measures, final outcome
scores, and correlations between measures to gain insights
into different types of interactions. However, by studying only
surface level measures, we largely considered chat interaction
as a black box. As one would expect, some chats were more
productive than others. In this section, we try to unravel those
chat interactions by doing a grounded analysis of chat logs,
subjectively categorizing them and investigating if there are
characteristics common to each category of chat.

In conditions ‘Chat’ and ‘Discuss’ combined, 60 participants
chatted with their partners to create a final slogan. The chat
logs provided insights into different interaction types that
occur between participants. To study the chat logs, we looked
at surface-level text features (like number of words) and also
manually tagged each chat with grounded labels to understand
how the participants interacted, as described below.

Finding productive chat logs
To dive deeper into the chat logs, we asked two researchers
with experience in rating slogans to group chat logs into cat-
egories. The two researchers derived these categories based
on how effective the chats were in coming up with a new idea
based on initial ideas. They first went through all the chat logs
and then discussed categories into which each log can be buck-
eted into. In determining the categories, an important criteria
was how the chat affected the generation of final ideas. They
found that in a few interactions; both members relied heavily
on each other’s input; this led to the ’Productive Chat’ category.
In a few interactions, one member could have come up with
the final idea but the partner completely relied on it to generate
their idea. These interactions were tagged as ’Chat dominated
by one person’s idea’. Finally, chats where participants never
talked or discussed unrelated topics were categorized as ’Non-
productive chat’. Grounded in the logs, the research team
decided on three categories which seemed to define most con-
versations: a) Non-productive chat, b) Chat dominated by one
person’s idea, and c) Productive chat—define in more detail

below. The team defined a common rubric and independently
categorized each chat log into one of the three categories. The
Cohen’s kappa between the raters was 0.69 after initial assess-
ment. For the handful of chat logs where the raters disagreed,
they discussed their rationale and mutually decided on a final
category.

a) Non-productive chat: For this category, the participants
had a one sided conversation (no response from other person)
or only discussed aspects unrelated to refining the content of
the slogan (e.g., below box). We assigned 8 out of 30 chat
logs to this category (4 in Chat, 4 in Discuss). Table 2 shows
this condition’s fixation, mimicry, convergence, and creativity
scores. As expected, teams with near zero interaction
converged less. Below we give an example chat and how the
slogans changed:

Participant A initial slogan: A top tier bicycle that fulfills the need of thousands
of urbanites. Use this bike-sharing service daily with an affordable membership.
This sleek bike will fit your modern lifestyle!
Participant B initial slogan: Whether you are a casual or a serious rider, this
new electric bike is sure to satisfy you throughout your riding endeavors. Take
part in the new generation of bikes and have yourself feeling electric. Be the
gold medal to your pedal.

Chat Log:
Participant A: I think we should combine your electric idea with my bike sharing
idea. I also like your slogan.
Participant B: I dont know how we can combine them when they are two
different products being sold. Ahh actually there it is. Our final doesn’t need to
be the same does it?
Participant A: I don’t think so.

Participant A final slogan: Whether you are a casual rider or a busy urbanite,
this top tier electric bicycle will suit your needs. Use this bike-sharing service
whenever you like, or pay for an affordable membership. Take part in the new
generation of bikes and have yourself feeling electric!
Participant B final slogan: Not only is this bike-sharing service affordable, but
we have now included an electric bike package. This bike has a range of 35
miles on a single charge! Use this service to get to work, meet with friends, get
groceries, etc...

b) Chat dominated by one person’s idea: For this category,
one participants may have proposed a combined slogan with
little to no contribution from the other person. We assigned
8 out of 30 chat logs to this category, six of which were in
the Discuss condition. This condition had high convergence
because one participant adopts the other participant’s idea
rather than iterating on a joint solution. For example:

Participant A initial slogan: Bike into the future
Participant B initial slogan: A burst of energy for your new street smart life style.

Chat Log:
Participant A: I like your idea and a burst of energy is a good term
Participant B: I like your idea too
Participant A: A burst of energy for you street smart lifestyle to help you bike
into the future?
Participant B: perfection
Participant A: it has a call to action
Participant B: exactly
Participant A: and some visual aspects to it
Participant B: A brillant merge of ideas. brilliant
Participant A: anything else we could add?
Participant B: I think we are good. unless you want to

Participant A and B final slogan: A burst of energy for your street smart lifestyle
to help you bike into the future!



c) Productive chat: In contrast, if both people contributed
and refined the slogan such that it incorporated information
beyond what was contained in the Expose or Explain
conditions, we categorized the chat as productive. We found
14 out of 30 chat logs were in this category, 9 of which were
from the Chat condition. The larger number of productive
chats in the Chat condition could explain the lesser perceived
diversity and higher enjoyment scores compared to Discuss.
As expected, most teams mutually agreed on the same final
slogan leading to high convergence. Comparatively, chats in
this category had lower fixation (as partners do not just stick
to their own idea) and higher average mimicry (as both part-
ners mimic parts from the other person’s slogan). For example:

Participant A initial slogan: The bike of the future is here now.
Participant B initial slogan: Experience the Tour de France right in your back-
yard. Get your bike today.

Chat Log:
Participant A: I like the TDF idea but think we should mention the futuristic
style
Participant B: yeah its def futuristic. maybe be like “what the pros wish they
had”. make it feel like its so new even they dont have it yet
Participant A: i like it. what about - What the Tour De France riders will ride in
the future, right now!
Participant B: that might be too obvious that there may be reason they dont have
it yet. what im kinda thinking right now: "All the speed of a Tour De France
racer while gliding in comfort never seen before. Get the bike the pros wish they
had today."
Participant A: i dig it. lets go with that.

Participant A and B final slogan: All the speed of a Tour De France racer while
gliding in comfort never seen before. Get the bike the pros wish they had today.

Chats in Discuss were more one-sided
Among the surface level features, we measure the number of
back and forth chats, the total number of words in the chat and
the participation ratio—the ratio of the number of chat state-
ments by one person to her partner. We found that the average
number of statements in Chat and Discuss were 9.2 and 7.5
but the difference was not statistically significant. The average
number of words in the chat logs for both conditions was also
the same (80 words). However, the average participation ratio
for Discuss was only 0.49 compared to 0.71 for Chat (a sta-
tistically significant difference). A perfect ratio of 1 implies
that both partners contributed an equal number of chats, while
a ratio of 0 would indicate that only one person sent all chat
messages. This difference in scores provided evidence that
team chats in Discuss were often one-sided compared to Chat.

We notice that the differences between Chat and Discuss were
evident both from the participation ratio and from the man-
ual annotation of chat logs. The low average participation
score for Discuss indicated that it had many chat logs with
one person doing most of the talking. The annotations found
that Discuss indeed had more teams being dominated by one
individual, while the Chat condition had a larger proportion of
teams productively chatting. This may be responsible for the
low average helpfulness and enjoyment score for teams com-
pared to Chat (Table 1). As the total task time was same across
both conditions and a participant cannot finish the task until
the timer runs out, it is unlikely that participants in Discuss did
not chat as they wanted to finish the task sooner. One possible
explanation of the difference between Discuss and Chat maybe
that participants in Discuss had enough information from their

partners about the task, which led them to directly propose
joint solutions rather than discussing possibilities. The final
creativity scores for the two conditions were similar.

Category Creativity f ∆ creativity Convergence Mimicry Fixation

Non-productive 1.70 0.12 0.57 0.53 0.77
One-sided 1.87 0.32 0.90 0.59 0.57
Productive 2.00 0.32 0.98 0.69 0.67

Table 2. Differences between chat categories show productive chats have
high mimicry, high fixation and a higher degree of convergence.

DISCUSSION
Our study explores how idea generation in online dyads is
affected by different modes of collaboration: we compare an
interactive form of collaboration (chat) with a more reflective
form (idea-explanation). Here we unpack the key findings.

Why did Explain have the highest increase in creativity?
Several factors could explain the increase in creativity for the
Explain condition compared to Chat. One possible explana-
tion for the consistent increase in creativity for the Explain
condition is that allowing people to self-explain helps their
partner to understand their slogan and come up with a better
solution of their own. On the other hand, when team members
chat online, they may waste time establishing rapport and fig-
uring out how to work together. The Discuss condition may
be implementing a form of production blocking [16], as users
have to process multiple types of information (ideas, explana-
tions, and chats) as well as generate their own chat responses
and new ideas.

In the Explain condition, participants may have devoted more
time to the primary task, rather than to the secondary activity
of interaction, which is indicated in our data by larger increase
in word counts. Similar to before, using ANOVA and Tukey’s
test, we found that the differences in increase in word counts
(∆ wc) is significant (p value 0.02) with Explain condition
(15.3 words) registering the largest increase in slogan size
followed by Discuss (µ 7.3 words), Expose (4.3 words) and
Chat (2.6 words). We observe that the mean number of words
in the final slogans were also higher in the Explain condition
(µ 32 words) compared to Chat (µ 24 words), Expose (µ 22
words) and Discuss (µ 25 words) conditions. However, the
differences in slogan size across conditions was not signifi-
cant.Longer slogans are an indication that participants spent
more time writing.

Secondly, the increased creativity for the Explain condition
might be understood by the fact that only 47% chats were
found to be productive—that is, where both participants con-
tributed to the team task. The teams which were not productive
had basically the same information as the Expose or Explain
condition. In contrast, explaining one’s idea gave a person an
opportunity to not only critically think about their own idea
but also read the explanation of their partner.

Another explanation is that providing explanations may have
allowed the task to remain loosely coupled. Olson et al. [43] re-
viewed research on collocated and non-collocated synchronous
group collaborations for teams working remotely. They found
four factors to be key for effective work in teams—common
ground, coupling of work, collaboration readiness, and collab-
oration technology readiness. By enabling chat, the activity



naturally gravitated towards a more tightly coupled activity
(which implicitly meant coming to some agreed upon slogan).
This more tightly coupled activity (even if only implicitly so)
required dyads to reach common ground first. Future work
could focus on explicitly measuring the coupling of interac-
tions.

Why were Chat teams more likely to converge?
One of the proposed benefits of brainstorming is that it pro-
motes mutual inspiration. Hearing others’ ideas should allow
group members to explore new categories that otherwise might
have been not explored. Furthermore, ‘piggybacking’ might
occur where one builds ideas off another group member’s idea.
By measuring fixation, mimicry and convergence scores in the
Chat and Discuss conditions, we can offer insights in regard
to piggybacking.

We found that both participants submitted the same idea for
nine teams in Chat and eight teams in Discuss. We verified
this observation by qualitatively analyzing the chat logs and
noticed that in many cases, users first agreed upon a shared slo-
gan during the chat and then submitted it. Comparatively, the
limited interaction allowed by showing a selected slogan (in
Expose and Explain) and explaining ones slogan (in Explain)
makes achieving convergence more difficult. This shows that
if the aim of the creative exercise is to gain convergence on
ideas, allowing members to chat helps. This seemingly ex-
pected observation can be important in selecting the type of
interaction suitable for a task. For instance, if tasks require a
joint creative submission by the team, the Expose or Explain
conditions only may not be sufficient.

We observed that 27% of teams (in the category “Chat dom-
inated by one partner’s idea’) seemed to rely solely on their
partner’s effort for the final submission. We caution readers
that such mimicry or fixation behavior may also be affected
by factors like a partner’s expertise level and how easily part-
ners communicate. It is also possible that some social loafing
occurred in Chat where individuals gave less effort to the
group due to diffused responsibility. While we chose slogan
writing to demonstrate our results, the benefits of the Explain
condition may extend beyond that particular domain.

Limitations
We selected the slogan design task because it is representative
of problems which are open-ended, can benefit from differ-
ent viewpoints, and can be completed within a short time.
However, it is unclear if our results will generalize to more
complex design problems [29]. Secondly, the motivations of
paired crowd workers and real-world teams may differ; provid-
ing different incentives may motivate teams differently, and
thus alter an intervention’s effects. Our experiments assumed
that both participants complete the task synchronously and
finish it within a limited time interval. Although synchronous
interaction is not a necessity for ‘Explain’ and ‘Expose’ condi-
tions, it was required for dyads who chat. Hence, future work
is required to establish generalizability of our findings to other
contexts, domains, and timeframes. Our work assumed that
workers have no prior knowledge of each others background
or existing social ties; future work can explore how our results

change when partners know each other or have existing social
ties. Lastly, we studied how participants interacted within a
limited time frame; the interaction effects may differ when
given longer interaction times.

Future work
Our results for the Chat and Discuss conditions imply that
teams often seek consensus. While this may often be necessary
for teams to carry out goals, an overemphasis on consensus-
seeking behavior can also result in premature convergence.
A well-known example is “groupthink” [27] which can arise
when groups place too much importance on attaining consen-
sus and fail to debate important alternatives for fear of dam-
aging group cohesion. Possible ways to address this include
encouraging team diversity, bringing in differing perspectives,
and promoting healthy debates and dissents [54]. Our study
paired individuals randomly, but it could be interesting to see
how different team formation strategies [1] could help to avoid
premature convergence during chat.

Another possible extension of our work can be integrating it
with the ’team dating’ approach explored by Lykourentzou
et al.[37], where people interact on brief tasks before working
with a dedicated partner for longer, more complex tasks. Such
team formation exercises can allow people to choose partners
according to their own subjective preference, which when com-
bined with idea-explanation can lead to further improvement
in creative outcomes.

In future work, we will develop a workflow for different cre-
ative tasks. The workflow may involve first generating ideas
individually and explaining them, then reading ideas and ex-
planations from a partner to inspire new variants, and finally
chatting with the partner to converge. We believe our results
provide implications for the potential benefits of introducing
indirect interactions among multiple participants in complex
and more general tasks, and we hope more experimental re-
search will be conducted in the future to carefully understand
the effects of idea-explanation in various crowdsourcing con-
texts.

CONCLUSION
In this paper, we study how dyads can generate better ideas
by drawing inspiration from their partners by comparing inter-
active collaboration (chat) with a more reflective form (idea-
explanation). Our findings showed that creative outcomes
improve for users who draw inspiration from their partner’s
idea-explanation compared to either just seeing the partner’s
idea or chatting with that partner. We also show that partici-
pants who chatted were more likely to reach convergence on
their final outcome. These observations indicate an alterna-
tive way to organize creative tasks in dyads: people solving
tasks independently, practitioners may systematically organize
people to work in pairs and enable indirect interactions that
may enhance the creative output. For tasks requiring agree-
ment on final outcome, dyads can be allowed to chat. In some
sense, our results suggest the promise and potential benefits of
working in pairs.
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