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Assembling Creative Teams
in New Product Development
Using Creative Team Familiarity
Creativity is strongly influenced by the way individuals are organized. One of the most diffi-
cult and important challenges when managing innovation is to identify the individuals
within an organization who must work closely with each other to maximize the generation
of creative ideas. This paper aims to inform managers of new product development (NPD)
organizations about forming creative teams. To do so, we extend the notion of team famili-
arity (i.e., the extent to which team members have worked together before becoming mem-
bers of a team) by considering the quality of past interactions. We define creative team
familiarity as the degree to which team members have triggered the generation of creative
ideas in one another during task-related interactions prior to joining the team. This paper
argues that a high level of creative team familiarity (rather than simply a high level of
team familiarity) is positively associated with a team’s capability to produce innovative
outcomes. We test this hypothesis in a unique empirical setting involving participants in an
international executive MBA program. We also illustrate the implications of our findings
by identifying members in a real NPD organization who would form a creative task force
with maximum level of creative team familiarity. [DOI: 10.1115/1.4024763]

Keywords: creative teams, new product development organizations, creativity, team
familiarity

1 Introduction

Understanding cognitive and behavioral aspects of the design
process is critical to advancing the research agenda in engineering
design [1,2]. Moreover, because designing new systems is typi-
cally a team (rather than an individual) effort [3–6], it is crucial to
understand how to assemble successful creative design teams
[7–9]. Who should be assigned to the next team responsible for
generating creative solutions for…? Questions such as this are
commonly faced by innovation managers, who typically address
them on an ad hoc basis rather than taking into account how the
organization actually works. In addressing this question, this pa-
per unpacks the relationship between team familiarity and the
capability of design teams to create innovative outcomes.

Past research has identified, broadly, three types of teams in
organizations: tactical, problem-solving, and creative teams [9].
While the first two types focus on executing a well-defined plan
and on resolving problems (on an ongoing basis), respectively,
creative teams focus on creating something novel and useful. Cre-
ative teams are commonly found in any NPD organization, struc-
tured around NPD projects, such as the ones found in design
consultancy firms such as IDEO and Continuum. Such teams typi-
cally follow a process characterized by understanding and
empathizing with target users, generating many and diverse poten-
tial solutions, and prototyping and testing preliminary solutions
into a final outcome [10,11]. This paper focuses on understanding
the role of team familiarity on creative teams’ performance.

Team familiarity is the extent to which team members have
worked with one another before becoming members of a team
[7,12–14]. Previous work has provided conflicting arguments and
empirical results concerning the role of team familiarity on team
performance. On the positive side, team familiarity is positively
related to team performance because it facilitates coordination

and cooperation among team members [13]. On the negative side,
long-lasting teams may limit the diversity of the team’s knowl-
edge and experience, which can be detrimental to creative per-
formance [8,15,16].

What seems to be missing in this stream of research is a consid-
eration of the quality (rather than the frequency) of past interac-
tions among team members. This paper addresses this limitation
by introducing the notion of creative team familiarity: the degree
to which team members have triggered the generation of creative
ideas in one another during task-related interactions before joining
the team. We then argue (and empirically test) that what is posi-
tively associated with a team’s capability to produce innovative
outcomes is not high levels of overall team familiarity (based on
the existence of past interactions or the lack thereof) but high lev-
els of creative team familiarity. Finding empirical support for
such a proposition has implications for the “how to assemble a
creative team” decision.

In exploring how product development actors interact to
address their task interdependencies, the engineering design litera-
ture has used a variety of research methodologies to study the
relationship between the communication patterns of developers in
the organization and the structure of either the products they de-
velop or the process they use to develop those products [17–21].
Using a simulation-based approach validated in a complex devel-
opment project carried out at the Jet Propulsion Laboratory, Olson
et al. [4] study the interplay between the structure of a complex
design problem and the design of the team responsible for solving
it in order to develop guidelines for managing task complexity
while searching for innovative solutions. A game-theoretical
approach [6] models dyadic collaboration of engineers in design
projects and finds that common project-related knowledge and di-
versity of background are important drivers of team performance.
More related to the internal functioning of design teams, using an
experimental approach Fu et al. [5] examine how the quality of in-
formation inputs received by the team affects their convergence to
a solution and the quality of that solution. We contribute to this
stream of work by examining how dyadic interactions that have
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emerged to address past task interdependences can be used to pro-
vide important guidelines to managers when they are identifying
candidates to assemble creative teams.

The creativity literature has addressed the challenge of organiz-
ing for creativity in various ways [22]. Here, we use the most
widely accepted notion of creativity: the ability to produce some-
thing that is both novel and useful [23,24]. The work of Amabile
[23] pays particular attention to the role of intrinsic motivation to
work on the task as a significant determinant of creativity. As a
result, such task-related motivation is considered to be an impor-
tant criterion when deciding who should be assigned to a creative
team [25]. Previous research on creativity has also emphasized the
role of knowledge diversity in generating novel and potentially
useful ideas [10,26,27]. Thus, grouping people with diverse back-
grounds and experiences should be an important determinant of a
team’s creativity [15,28,29]. Yet, to realize the benefits of team
diversity, teams must also provide a supportive environment ame-
nable to exploration and experimentation [10,30,31]. We contrib-
ute to this stream of work by looking at how team members’
previous creative experiences may be taken into account when
forming creative teams.

Our research approach is structured in three steps. First, we for-
mulate a working hypothesis, which predicts that the performance
of creative teams is positively associated with the quality of the
past interactions of its team members. Second, we test empirically
our working hypothesis in a unique empirical setting that involves
all members of two classes of an international executive MBA
program carrying out a comprehensive design exercise. Third,
based on the results of our hypothesis testing, we illustrate (based
on data collected in a real organizational setting) how to identify
organization members who would form teams with maximum cre-
ative team familiarity.

2 Hypothesis: Creative Team Familiarity

and Creative Outcome

We start our argument for the use of creative team familiarity
as a critical input in assembling design teams by considering the
link between (overall) team familiarity and team performance. As
discussed by Huckman et al. [13], there are two reasons to expect
a positive relationship between team familiarity and team per-
formance: coordination and cooperation. First, teams with people
who have worked together in previous assignments are more
likely to coordinate their actions more effectively because they
better understand where knowledge resides within the team [12].
Second, team familiarity fosters (among other things) psychologi-
cal safety and trust, which encourages team members to engage in
teamwork [32,33]. These arguments are in line with simulation-
based studies showing a positive relationship between team famil-
iarity and team performance [34]. Empirically, in a study of fluid
teams in a large software development firm, Huckman et al. [13]
found that the extent to which teams included members who
worked together on previous projects was positively associated
with better team performance (in terms of effort adherence and
low-defect products).

Yet, there is evidence suggesting that the relationship between
team familiarity and team performance is not trivial. First, the em-
pirical evidence presented by Huckman et al. [13] and Huckman
and Staats [14] indicates that the effect of team familiarity is not
significantly positive on certain dimensions of performance such as
schedule adherence. Because we are focused on creative teams, the
key performance dimension of interest is the team’s ability to pro-
duce creative outcomes. Toward that end, it has been argued that a
team that has been together for several engagements is less likely to
be creative because the inertia developed in earlier projects is
expected to interfere with its creative processes [8,15,16]. Hence,
assessing team familiarity based solely on the frequency of past
interactions does not necessarily predict creative performance.

Second, there is evidence showing that the type of team famili-
arity matters: In a follow-up study to Huckman et al. [13] and

Huckman and Staats [14], Staats [35] found that “same-location”
(instead of “different-location”) team familiarity was positively
associated with team performance (again on effort adherence and
low-defect products). This result suggests that the quality of the
past interactions does influence the effect that team familiarity
may have on team performance. Given this, we qualify team fa-
miliarity by introducing the notion of creative team familiarity as
the extent to which past interactions between team members con-
tributed to generate potentially creative ideas in the past [31].

We argue that it is the positive creativity-related experience
associated with such prior interactions that makes team familiarity
an important determinant of a supportive team atmosphere that is
conducive to divergent thinking and experimentation [36,37].
When some team members have experienced positive creative
interactions prior to joining the team, such familiar team members
are likely to act as creative catalysts again. In that sense, creative
team familiarity is expected to foster team trust and motivation to
generate and experiment with potentially creative ideas. This
argument leads to our main hypothesis.

Creative team familiarity is positively associated with the
team’s capability to generate creative outcomes.

3 Hypothesis Testing

Testing our hypothesis required an empirical setting that ful-
filled two important conditions: (1) accessibility to a sizable set of
“creative teams” that would perform a controlled design activity
and (2) the ability to capture the communication patterns among
the teams’ members before such a design activity. We took
advantage of the natural setting in an executive master of business
administration (EMBA) program to test our hypothesis. This set-
ting was ideal because it provided access to a set of participants
who had a significantly long history of task-related interactions
before they were assigned to creative teams. These teams then
completed a comprehensive design exercise whose outcome was
assessed in an objective manner. Our empirical setting was not a
controlled experiment but rather an observational study in which
any important confounding factors were controlled for either by
randomization during the setup of the design exercise or by mea-
surement so they could be accounted for during the statistical
analysis.

3.1 Participants. We gathered data from participants en-
rolled in an EMBA program offered jointly by Tsinghua Univer-
sity and INSEAD1. The program is called TIEMBA; it lasts one
and a half years (starting in June and finishing in December) and
includes 11 two-week modules with approximately six weeks
between them. Modules take place in four different locations: Bei-
jing, China; Singapore; Abu Dhabi, United Arab Emirates; and
Fontainebleau, France. Participants in this program have under-
graduate degrees in various disciplines and over 10 yr (on aver-
age) of professional experience. Data gathering took place in the
ninth module of the program as part of a compulsory multidisci-
plinary course focused on innovation management. Hence, partici-
pants had had the opportunity to interact on academic matters for
more than 11 months prior to our data collection.

Figure 1 shows, in bold-frame boxes, the four key milestones in
the TIEMBA program that were relevant for our data collection:
(1) an initial survey to capture communication patterns among
participants during the first eight modules, (2) the random assign-
ment of participants into design teams, (3) the completion of a
comprehensive design exercise, and (4) participation in a product
exhibition in which the novelty and functionality of product con-
cepts produced during the design exercise were assessed. These
milestones are detailed in subsections 3.2–3.5. Note that because
the innovation management course was compulsory, all steps
(except the initial survey) required the participation of all

1http://tsinghua.insead.edu.sg/
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students. No additional incentive of any type was offered to the
participants. The course grade of each participant was based on a
five-page reflection paper in which he or she discussed how the
key lessons of the course would apply to his or her professional
context. The reports were identified by a number instead of the
participant’s name, so the course grading was blind on the instruc-
tor’s end.

We replicated the empirical setting shown in Fig. 1 for two con-
secutive TIEMBA classes, graduating in 2010 and 2011. Both
classes experienced similar coursework during the first eight mod-
ules of the program. In addition, the teaching material for the
innovation management course offered to both classes in the ninth
module was identical. The only important difference between the
two classes was that the 2010 graduating class completed its ninth
module in Fontainebleau; the 2011 graduating class did so in Sin-
gapore. (We will discuss the implication of running the design
exercise in these two different locations below.) Table 1 summa-
rizes the overall characteristics of the two classes.

Because we were interested in testing our hypothesis at the
team level (“Are teams with a higher level of creative team famili-
arity more likely to produce novel and useful product concepts in
the design exercise?”), it was important to have a sufficiently large
number of teams to complete any statistical inference. Gathering
data from two graduating classes under similar conditions allowed
us to test our hypothesis with a sample of 20 teams (eight teams
from the 2010 class and 12 teams from the 2011 class). Although
we used the pooled sample to complete our statistical analysis, we
did control in our analysis for any unobserved difference associ-
ated with the two graduating classes.

3.2 Initial Survey: Capturing Frequency and Quality of
Past Interactions. The initial survey was designed to capture the
communication patterns of the participants based on their involve-
ment during academic tasks in the first eight modules. A short pre-
sentation was made to all participants at the beginning of the ninth
module to introduce the objective of the survey and to emphasize
both the research nature of the data collection and its complete
disconnection with the grading of any of the program’s courses.
Each participant was given a sealed envelope containing the sur-
vey instrument and was asked to fill it out individually and confi-
dentially. Completing this survey was not compulsory, yet we

obtained a 100% and 90% response rate from the 2010 and 2011
classes, respectively.

The survey was structured in two sections. The first section
included a couple of short questions that could be relevant to the
outcome of the design exercise:

• What is your proficiency in French [Chinese]? [Not profi-
cient at all/Just enough to have a short French [Chinese] con-
versation on the street/Fluent in French [Chinese]]2

• Have you worked on new product development before? [Yes/
No]

The second section of the survey was a typical social network
instrument [38]. The survey displayed a roster of all the partici-
pants in the class followed by three questions concerning the
respondent’s past interactions with each classmate. The three
questions measured (from the respondent’s viewpoint) past dyadic
communication frequency, dyadic work-related closeness, and
dyadic ease of generating potentially creative ideas.

• Dyadic communication frequency was measured with the fol-
lowing question: Since the TIEMBA program started (and
before this Module 9 started), have you worked with [class-
mate] in any group assignment (either in class or outside
classes)? [0¼No; 1¼Yes, a few times; 2¼Yes, many
times].

• Dyadic closeness was measured with the following question
(cf. [31,39]): How close is your academic relationship with
[classmate]? [4¼Very close, this person is among my favor-
ite classmates to work with; 3¼Close, we enjoy working to-
gether in TIEMBA assignments and exercises; 2¼Less than
close; 1¼Distant, we interact only when strictly necessary].

• Dyadic ease of generating potentially creative ideas was
measured with the following question (cf. [31,40]): Based on
your interactions with [classmate] in TIEMBA assignments
or exercises (either in class or outside the classroom), please
indicate your level of agreement with the following
statement:

“When I interact with this person, it is easy for me to generate
NOVEL creative solutions and/or ideas. These novel ideas can be
specific to solutions of TIEMBA assignments or to the way we do
things (within TIEMBA academic activities).” [seven-point scale:
Strongly disagree; disagree; marginally disagree; neither agree
nor disagree; marginally agree; agree; strongly agree].

Each participant filling out the survey was asked these three
questions for each of the other participants on the roster. Although
the participants from the same class knew each other because they
had been taking classes together in eight modules of the program
prior to the design exercise, not every person had worked with

Fig. 1 Key milestones in our empirical setting

Table 1 Overall characteristics of sample

Graduating
class

Class
size

Gender
ratio

Avg.
age

Avg. working
experience

2010 34 participants 74% male 38 yr 13 yr
2011 50 participants 73% male 36 yr 12 yr

2The answer to this question was relevant because the design exercise involved
talking to “customers” in a French marketplace in Fontainebleau (for the 2010 class)
and a fresh market in Singapore’s Chinatown (for the 2011 class).
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every other in class assignments and/or class exercises. Hence,
respondents could report “null” past interactions with some of
their classmates. Our goal with this survey was to capture the rele-
vant social network data (within participants’ corresponding
TIEMBA classes) that would help us measure the level of famili-
arity among the members of the teams that carried out the design
exercise.

3.3 Assembling Design Teams. Each class was split into
design teams (eight teams in the 2010 class and 12 teams in the
2011 class). Within each class, teams carried out the design exer-
cise in parallel. The design teams were assembled in a two-step
process. First, we randomly assigned one participant who reported
being proficient in the local language to each team. This guaran-
teed that every team had at least one person proficient in the local
language. Second, the rest of the participants were randomly
assigned to a team. For the 2010 class, we formed six teams with
four participants and two teams with five participants. For the
2011 class, we formed ten teams with four participants and two
teams with five participants.

In both classes, all teams were provided with the same set of
materials to build their prototypes, and each team had a dedicated,
closed cubicle to complete their design exercise. Most of the inter-
actions during the exercise took place within the team. Interac-
tions external to the team were limited to short interactions with
random “customers” in the marketplace and with the instructor
(for clarification on the scope of the exercise). Participants did not
interact with members of other teams during the design exercise.

The random assignment of participants to teams, plus the fact
that all teams were set up in a similar fashion, provided ideal con-
ditions to examine empirically whether (and how) team familiar-
ity would predict any variation observed in the novelty and
functionality of the product concepts produced by the teams
(above and beyond random variation).

3.4 Design Exercise. The design exercise was part of a two-
day course on innovation management taught by the first author to
all TIEMBA participants during the ninth module of the program.
The first day of the course introduced the design process and the
basic design principles for addressing the three main challenges of
an innovation project: understanding customer needs, generating
alternative product concepts, and prototyping and testing final sol-
utions [11,41].

The second day of the course was dedicated to designing an
“artifact” to facilitate grocery shopping in a typical French fresh
market in the 2010 class and in a typical Singapore Chinatown
fresh market in the 2011 class. Specifically, the artifact needed to
facilitate the carrying of groceries from a fresh market to home.
There were three types of design activities associated with this
exercise: (1) assessment of customer needs, which included visit-
ing the fresh market in Fontainebleau or Chinatown; (2) ideation
to generate alternative solutions; and (3) building a final prototype
of the product concept. All teams went through these three phases.
Ultimately, each team needed to produce a comprehensive work-
ing prototype made primarily out of Tyvek [42].

The specification of this design exercise is fully consistent with
the essential features of a “creativity task” defined by the consen-
sual technique for creativity assessment widely used in creativity
research. These features specify that a task should ([23], p. 73):
“(a) be feasible in the sense that virtually all subjects in the study
can produce something that can be assessed by judges, (b) present
all subjects with the same set of materials, instructions, and work-
ing conditions, (c) allow for considerable flexibility in responses,
(d) result in some form of product that can readily be observed by
judges, and (e) result in products that can be readily rated by
appropriate judges.”

The design exercise was set up as a design contest in which
teams were asked to balance design features and cost considera-
tions to develop a product concept that would maximize its

expected profits in a simulated product exhibition at the end of the
exercise. A product concept’s expected profit was determined by
its expected cost (directly proportional to the weight of the arti-
fact) and its expected revenues (a function of its suggested retail
price, which was to be set by the team, and its expected unit
sales). To determine the expected unit sales of a given product
concept, we assessed its estimated market share (as the fraction of
votes it received during the product exhibition) and multiplied it
by a given market potential (e.g., 3� 106 units in Singapore or
20� 106 units in France).3

The design exercise lasted about 8 h. All participants visited
their fresh marketplace, and then teams worked in their assigned
cubicles to synthesize the identified user needs. Next, teams
focused on the generation, evaluation, and selection of product
concepts. Before starting this phase, each team received the same
set of materials (a roll of Tyvek and a toolkit with basic elements
for rapid prototyping and brainstorming). In this phase, all teams
were encouraged to make rapid prototypes of their ideas. The
deadline to complete their design was announced at the beginning
of the exercise, and all teams were reminded of it throughout. All
teams finished their final prototype on time.

At the end of the exercise, final prototypes were weighed so
that each team could estimate the unit cost of their product con-
cept. All teams had about 20 min to prepare a short presentation of
their product concept for the product exhibition in which the final
prototypes would be evaluated. Before the product exhibition,
each team privately decided the retail price of their product con-
cept and communicated it to the instructor. Each team made pub-
lic the retail price of their product concept only during their
product exhibition.

3.5 Product Exhibition. A product exhibition was scheduled
at the end of the day to evaluate the final prototypes developed by
each team. All teams were given equal opportunity (in terms of
time and space) to present their product concepts to their class-
mates. The order of the presentation was random. After having
seen all the product concepts, all members in the audience acted
as judges and voted for their top two favorite designs (excluding
their own).

The audience was asked to evaluate all product concepts based
on their innovative elements and functionality. The voting was
done individually and secretly after all product concepts were pre-
sented and examined by the audience. Only the instructor saw the
individual votes when aggregating them to estimate the “market
share” of each product concept. Both at the beginning of the prod-
uct exhibition and before the audience voted, it was emphasized
that class members needed to submit an “honest” vote for what
they believed were the two most novel and useful product con-
cepts (excluding their own), not only for ethical reasons but also
because an objective independent and individual assessment was
required to appropriately assess the quality of the product
concepts.

Class members were also reminded that the course grading was
independent of the outcome of the product exhibition, so that par-
ticipants had no significant personal incentive to cast an unethical
vote. The evaluation and voting were necessary not only to esti-
mate the market share in our design exercise but also to assess the
novelty and usefulness of the product concepts created by each
team relative to the other teams. It is important to emphasize that
all teams were required to use their final prototypes during their 2-
min presentations to illustrate the novel and functional aspects of
their product concepts. This limited the possibility that teams

3Formally, the following expression to estimate expected profits per team
was used [42]: E[Profit per team]¼MarketPotential�MarketShare� [0.70
�UnitRetailPrice�UnitCost]. The revenue side of this equation assumes that the
team gets 70% of the retail price (set by the team) for each unit sold while 30% of
the retail price goes to the retailer. To calculate the product’s unit cost it is assumed
that 1 g¼ 1 cent.
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would try to distort the audience’s perception with a nonproduct-
related “marketing show.”

Using peer reviews to evaluate the novelty and appropriateness
of product concepts is consistent with the notion of “appropriate
judges” used for assessing creative outcomes [23,43]. As men-
tioned by Amabile ([23], pp. 72–73), “some formal training in the
field may be necessary for judges to even understand the products
they are assessing.… Judges should be closely familiar with the
works in the domain at least at the level of those being produced
by the subjects.” That is, judges should be “familiar enough with
the domain to have developed, over a period of time, some
implicit criteria for creativity, technical goodness, and so on.” In
our setting, peers who had been immersed in the same design
challenge had the most appropriate training to assess the novelty
and usefulness of the product concepts. This is also consistent
with Stein’s view of a creative product as an artifact that is
accepted as useful, tenable, or satisfying by a group of “significant
others,” defined as “a formally or informally organized group of
persons that has the ability and expertise to evaluate developments
in its own field” ([43], p. 35).4 Note that we refrained from using
a product decomposition-based evaluation of the concepts [5]
because “novelty” and “overall functionality” (the two dimensions
of interest that determine the innovativeness of a product concept)
are holistic attributes of the product concepts [41].

3.6 Measures. Because our hypothesis relates the creative fa-
miliarity of a team with its capability to produce a novel and use-
ful product concept, we must define all our measures at the team
level. Our dependent variable captures the overall perceived
design quality of the concept produced by a design team. Our key
predictor variable measures, in alternative ways, team familiarity.
Finally, although our research design controlled for many factors
that could potentially confound the relationship between team fa-
miliarity and the team’s capability to innovate (e.g., no interac-
tions across teams, no systematic difference in team resources,
similar contextual conditions across teams), we still measure vari-
ous factors that could influence the relationship between the de-
pendent and predictor variables.

3.6.1 Dependent Variable: Perceived Product Concept
Design Quality. In line with previous research in creativity, we
assess the capability of a design team to produce something novel
and useful by having peer colleagues evaluate the product con-
cepts presented in the exhibition [23,43]. We measure the overall
design quality of a team’s product concept by the adjusted fraction
of votes it received at the end of the product exhibition. Because
our judges were the members of the other design teams, teams
with five members had a slight disadvantage because they were
evaluated by fewer peers than the four-people teams. Hence, we
assess the overall quality of a product concept as the number of
votes received divided by the total number of votes cast by the
members of all other teams. Formally,

product concept perceived qualityi

¼ votes received by product concept i

all votes in product exhibition� votes by team i

Finally, to test the reliability of our dependent variable, we com-
pared the rankings of product concepts in the product exhibition
of the 2011 class with the rankings generated by aggregating input
from a few external guests (members of the staff of the TIEMBA
program) attending the product exhibition. Guests were debriefed
with the scope of the design exercise at the beginning of the prod-
uct exhibition and were asked to provide their favorite product
concepts based on novelty and functionality. The Spearman

correlation between the rankings was positive and significant
(0.631, p< 0.003).

3.6.2 Predictor Variables. We devised various alternative
measures to capture team familiarity as a function of the fre-
quency or the quality of past dyadic interactions between the
members of a team. To define our measures we captured the
dyadic responses to the initial survey in three matrices for each
class: a frequency interaction matrix (F), a closeness interaction
matrix (C), and a creative interaction matrix (D). Similar to design
structure matrices used to capture interdependencies in engineer-
ing systems [19,44,45], these interaction matrices are square and
capture the frequency, closeness, or dyadic creativity associated
with past interactions between the members of the two classes.
For instance, cell fjk in matrix F of class 2010 captures past inter-
action frequency reported by person j concerning classmate k.

First, we devise two measures of team familiarity, defined as
the extent to which members of a team had interacted in past task-
related assignments [12,14]

overall team familiarityi ¼

X

j

X

k

dijkf b
jk

NiðNi � 1Þ ; j 6¼ k

frequency team familiarityi ¼

X

j

X

k

dijkfjk

NiðNi � 1Þ ; j 6¼ k

where fjk¼ the interaction frequency reported by actor j with
respect to actor k; f b

jk ¼ 1 if fjk> 0. In addition, dijk¼ 1 if actors j
and k belong to team i, and dijk¼ 0 otherwise; and Ni is the num-
ber of members of team i that responded to the survey.5

Next, we measure the average dyadic ease of generating crea-
tive ideas in the past interactions in a team as follows:

Avg past creative interactioni

¼

X

j

X

k

dijkdjk

Count of past creative interactions in team i
; j 6¼ k

where djk¼ the answer (on a seven-point scale) of respondent j to
the dyadic creative interaction question with respect to actor k.

We then devised a couple of measures of team familiarity to
capture the “quality” of past dyadic relationships between the
members of a team. First, we estimate closeness team familiarity,
which is based on the closeness of the dyadic relationships (based
on past academic-related interactions) between the members of a
team. Hence

closeness team familiarityi ¼

X

j

X

k

dijkcjk

NiðNi � 1Þ ; j 6¼ k

where cjk¼ the reported past dyadic work-related closeness
reported by actor j with respect to actor k.

Then, we define creative team familiarity (our main predictor
variable), as follows:

creative team familiarityi ¼

X

j

X

k

dijkdjk

NiðNi � 1Þ ; j 6¼ k

where djk¼ the reported past dyadic creative interaction reported
by actor j with respect to actor k.

4Using peers as judges to evaluate the novelty and appropriateness of creations is
also common in the academic community when determining the material to be
published in journals and conference proceedings.

5Note that in most cases Ni equals team size. Otherwise, our variables also
exclude the input from nonrespondents on the numerator so that the variables remain
unbiased.
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Finally, and as an alternative way to measure the notion of crea-
tive team familiarity, we split our overall team familiarity mea-
sure into positive, neutral, and negative creative team familiarity
by using the values of dyadic creative interactions associated with
each past interaction between team members. That is, we define a
positive past creative interaction if the respondent “marginally
agrees,” “agrees,” or “strongly agrees” with the statement that
measures dyadic ease to generate creative ideas. If the respondent
“neither agrees or disagrees” with this statement, then such an
interaction is counted as neutral creative interaction. Finally, if
the respondent “marginally disagrees,” “disagrees,” or “strongly
disagrees” with this statement, such an interaction is counted as
negative creative interaction. Hence

positive creative team familiarityi ¼

X

j

X

k

did
positive
jk

NiðNi � 1Þ ; j 6¼ k

neutral creative team familiarityi ¼

X

j

X

k

did
neutral
jk

NiðNi � 1Þ ; j 6¼ k

negative creative team familiarityi ¼

X

j

X

k

did
negative
jk

NiðNi � 1Þ ; j 6¼ k

where dpositive
jk , dneutral

jk , and dnegative
jk are binary variables indicating

whether the past dyadic creative interaction jk is positive, neutral,
or negative, respectively.

3.6.3 Control Variables. Because this is not a controlled
experiment, it is important to control in our analysis for some fac-
tors that could affect the relationship between dependent and pre-
dictor variables. Hence, we include the following control variables:

• Singapore dummy (singy). This indicator variable is equal to
1 for the 12 teams from the 2011 class that was held in Singa-
pore, and 0 otherwise. This variable controls for any unob-
served factor associated with running the design exercise in
Singapore (for the class of 2011).

• Suggested price (price). This variable captures the suggested
retail price of each product concept. As with any other prod-
uct attribute, suggested retail price (a requirement for the
class simulation) can influence the assessment of the quality
of the product concept.

• Team NPD experience (NPD_experience). This is measured
as the fraction of team members who reported (in the first
survey) having had experience in NPD in the past.

• Team dynamics (team_dynamics). At the end of the design
exercise, individuals were asked to fill out a short follow-up
survey capturing various dimensions of team dynamics
during the design exercise. Responses were completely confi-

dential. In addition, participants were assured that their
responses were processed after course grades were submitted,
ensuring that responses would not influence their course per-
formance in any way. We use this survey to capture team dy-
namics, based on respondents’ level of agreement with each
of the following statements [46].
• My thoughts and comments were respected and considered

by my teammates.
• Our team worked well together.
• Each member of our team contributed their fair share to the

joint effort.
• Our team was able to make high-quality decisions.

Table 2 presents a summary of dependent, predictor, and con-
trol variables plus descriptive statistics and correlations.

3.7 Statistical Analysis. To test our hypothesis, we estimate
a regression model of the following form:

product concept perceived qualityi

¼ b0 þ b1 � singyi þ b2 � pricei þ b3 � experiencei

þ b4 � team dynamicsi þ b5 � team familiarityi þ �i

This equation predicts the dependent variable of interest (i.e.,
the product concept perceived design quality of team i) as a linear
function of four control variables, a predictor variable, an inter-
cept (b0), and an error term (�i). To estimate the regression coeffi-
cients (bk), we fit the model to our sample of 20 design teams. Of
particular interest is coefficient b5. A positive and significant b5

would indicate that higher values of the predictor variable
included in the model are associated with higher values of pro-
duct_concept_perceived_quality. Because we measure the predic-
tor variable (team familiarity) in alternative ways to be able to test
our hypothesis, Table 3 shows the coefficient estimates of the var-
ious regression models used to test our hypothesis with various
measures of team familiarity. Note that all the regression models
include the four control variables; Table 3 shows the estimates
b1� b4 across the seven regression models.

Model 1 includes the control variables. Although most of these
coefficient estimates exhibit the expected sign (for instance, a neg-
ative coefficient for the effect of price would indicate that product
concepts with a higher suggested retail price are more likely to
receive a smaller fraction of votes in the product exhibition, while
a positive coefficient for the effect of average NPD experience
would suggest that product concepts developed by teams with
more experience in NPD are more likely to receive a larger frac-
tion of votes), they are not significantly different than zero.

Model 2 adds overall team familiarity as the key predictor vari-
able. The coefficient estimate of overall team familiarity is not
significant (p< 0.218). This indicates that overall team familiarity
does not appear to be a salient indicator of team performance in

Table 2 Descriptive Statistics and Pairwise Correlations (N 5 20)

Variables Mean S.D. 1 2 3 4 5 6 7 8 9 10 11 12

(1) Team’s product concept quality 11.26 7.10 1.00
(2) Singy 0.60 0.50 �.36 1.00
(3) Price 17.26 39.1 �.40 .13 1.00
(4 NPD experience 0.63 0.23 0.25 �0.17 �0.06 1.00
(5) Team dynamics 6.19 0.47 0.07 0.45 �0.21 0.18 1.00
(6) Overall team familiarity 0.71 0.22 0.39 �0.51 �0.16 0.07 0.04 1.00
(7) Avg. past creative interaction 4.81 0.70 0.55 �0.31 �0.18 �0.13 0.02 0.12 1.00
(8) Frequency team familiarity 0.73 0.27 0.23 �0.48 �0.11 �0.09 �0.04 0.84 0.21 1.00
(9) Closeness team familiarity 1.84 0.65 0.49 �0.51 �0.08 �0.11 �0.05 0.75 0.47 0.73 1.00
(10) Creative team familiarity 3.46 1.21 0.57 �0.58 �0.21 0.03 0.04 0.90 0.54 0.80 0.85 1.00
(11) Negative creative team familiarity 0.08 0.11 �0.40 0.23 0.31 0.09 �0.07 0.13 �0.79 �0.07 �0.16 �0.25 1.00
(12) Neutral creative team familiarity 0.19 0.13 �0.02 �0.11 �0.14 0.13 0.18 0.48 �0.48 0.50 0.15 0.19 0.23 1.00
(13) Positive creative team familiarity 0.44 0.22 0.59 �0.54 �0.22 �0.06 �0.03 0.63 0.79 0.55 0.72 0.88 �0.49 �0.24

Note: Correlation coefficients greater than |0.45| are significant at the 0.05 level.
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our sample. That is, teams with a higher number of past interac-
tions were not more likely to produce a better product concept
than teams with less-familiar team members.

Model 3 includes, above and beyond the effect of overall team
familiarity, the effect of average past creative interaction with a
positive and significant coefficient (5.552, p< 0.010). This result
is robust to the exclusion of overall team familiarity in our model.
This model suggests that, keeping team familiarity as well as all
control variables constant, teams with highly positive past creative
interactions, on average, are more likely to produce better product
concepts. This result provides first empirical support to our hy-
pothesis. This also confirms our conjecture that what matters is
not the overall familiarity among the members of the team but the
quality of such familiarity. Because it will be important to define
one variable that captures the quality of team familiarity, we esti-
mate additional regression models with alternative measures of
team familiarity to test our hypothesis.

Model 4 includes, above and beyond the effect of overall team
familiarity, the effect of frequent team familiarity with a negative
and nonsignificant coefficient estimate. This suggests that meas-
uring team familiarity based on past communication frequency
does not yield a reliable predictor of team performance. Note that
excluding overall team familiarity also yields a nonsignificant
coefficient estimate of frequent team familiarity.

Model 5 includes an alternative team familiarity measure based
on the notion of work-related closeness. Controlling for the effect
of overall team familiarity, this model shows a positive and non-
significant coefficient of closeness team familiarity (6.284,
p< 0.056). The coefficient of closeness team familiarity becomes
positive and significant if we exclude overall team familiarity
from the model (5.284, p< 0.038). This result is consistent with

our hypothesis in the sense that it is not the overall familiarity but
the quality of the past relationships that predicts the likelihood of
producing a creative (i.e., novel and useful) product concept.

Model 6 includes an alternative measure of team familiarity
based on the notion of dyadic creative interactions (i.e., creative
team familiarity). Controlling for the effect of overall team famili-
arity, this model shows a positive and significant coefficient esti-
mate (6.726, p< 0.015) of creative team familiarity, which is
fully consistent with our hypothesis. This result is robust to the
exclusion of overall team familiarity from the model: the coeffi-
cient of creative team familiarity remains positive and significant
(3.244, p< 0.031).

In addition, both models 3 and 6 exhibit the largest adjusted R-
square of all the models estimated, which indicates that such mod-
els (which include the effects of past creative interactions) offer the
best fit to the sample. Hence, teams whose members are not only fa-
miliar with each other but have also acted as creative catalysts to
other team members in academic-related activities before the
design exercise were more likely to produce better product concepts
than teams that showed low levels of creative team familiarity.

Finally, model 7 includes three predictor variables, which cor-
respond to negative, neutral, and positive creative team familiar-
ity. Note that we must exclude overall team familiarity from this
model because overall team familiarity is the sum of negative,
neutral, and positive creative team familiarity. The positive and
significant coefficient estimate (18.521, p< 0.045) of positive
team familiarity is in line with our hypothesis. That is, teams with
a higher fraction of past positive creative interactions were more
likely to produce better product concepts. At the same time, model
7’s coefficient estimates of negative and neutral team familiarity
are negative and positive, yet not significant, respectively.

Table 3 OLS coefficient estimates predicting team’s product concept perceived quality
(N 5 20)

Variables Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

Singy �4.984
(3.710)

�2.771
(4.666)

1.878
(4.286)

�3.212
(4.828)

�0.630
(4.553)

1.399
(4.348)

1.87
(4.959)

Price �0.057
(0.042)

�0.057
(0.042)

�0.049
(0.036)

�0.056
(0.043)

�0.064
(0.040)

�0.051
(0.036)

�0.042
(0.041)

NPD experience 4.499
(7.18)

5.346
(7.344)

10.284
(6.429)

3.989
(7.836)

9.002
(7.215)

8.685
(6.445)

9.606
(7.111)

Team dynamics 1.994
(4.007)

0.706
(4.364)

�2.069
(3.803)

0.778
(4.467)

�0.091
(4.121)

�1.547
(3.854)

�1.648
(4.338)

Overall team familiarity 7.210
(9.022)

10.691
(7.670)

13.989
(14.440)

�4.682
(10.965)

�21.324
(13.963)

Avg. past creative interaction 5.552**
(2.104)

Frequency team familiarity �6.943
(11.373)

Closeness team familiarity 6.284
(3.685)

Creative team familiarity 6.726*
(2.740)

Negative creative team familiarity �9.021
(16.266)

Neutral creative team familiarity 5.966
(13.203)

Positive creative team familiarity 18.521*
(10.006)

R2 .296 .327 .562 .345 .450 .540 .507
Adjusted�R2 .108 .086 .359 .043 .196 .328 .219

Notes: Standard errors shown between parentheses. *p< 0.05, **p< 0.01 (one-tailed).
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Overall, our regression results provide empirical support to our
hypothesis: teams with creative team familiarity are more likely
to produce creative outcomes. We also tested for a quadratic
effect of creative team familiarity and found nonsignificant quad-
ratic effects. Figure 2 illustrates in a scatter plot the positive asso-
ciation between the creative team familiarity and our dependent
variable (as estimated in model 6).

Next, we describe how to use creative team familiarity to iden-
tify members of creative teams in real organizations.

4 Example: Forming a Creative Task Force

in a Real Organization

Our results have implications for NPD organizations facing the
challenge of identifying candidates to form creative teams based on
creative team familiarity. The key managerial implication from our
analysis is that managers of these organizations should monitor the
quality of the communication patterns between the members of
their organizations so that creative team familiarity is taken into
account when forming new design teams. Two questions become
relevant: (1) What aspects of the communication patterns within a
current organizational structure should be monitored (and how)?
and (2) How should such information be used to provide guidelines
to managers forming new teams based on creative team familiar-
ity? We illustrate how to address these two questions based on data
collected in the new product development department of a software
firm. The objective here is not to test again our working hypothesis,
but rather to illustrate how to collect and use the data required to
assemble potentially creative teams.

The firm studied, founded in the 1980 s, is a public company
that is traded on the German stock exchange. It is one of the world
leaders for a particular type of application in the software indus-
try, and its principal market consists of business customers. The
firm’s development organization is distributed across three loca-
tions in two neighboring European countries. During the time of
data collection, the development department worked on the devel-
opment of seven distinct software products [21,31].

The data were collected by surveying (almost) all the individuals
in the development department, and it was used as input into a clus-
tering algorithm we developed to identify candidates to form design
teams, based on the quality of past dyadic interactions. The survey
took an average of 49 minutes to complete and was completed by
58 of the 66 people in the development department (88% response
rate). The development department was organized formally into ten
groups: seven development groups (i.e., programmers),6 one quality
control group for testing all the products, one architecting and man-

agerial group (which made important software architecture deci-
sions and managed the department’s resources), and one support
group responsible for documentation and information systems. The
quality/testing group was evenly distributed among the firm’s three
locations; the other organizational groups were almost evenly dis-
tributed between its two largest sites.

We used a combination of classic sociometric techniques ([38],
pp. 43–54) to capture the technical communication patterns both
within and across organizational groups associated with the devel-
opment of the seven products in the firm’s portfolio. First, each re-
spondent was provided with a fixed roster of contacts formed by
all the members of the new product development department. The
full name and location of each person was clearly specified in the
web-based survey, and respondents were asked to select those
they had “gone to” for interactions that significantly affected their
work during 2005 [31]. Respondents reported 633 product-related
interactions in which actor i “went to” actor j for product-related
information. These data were captured in a past interaction matrix,
shown in Fig. 3, in which a nonzero cell ij indicates that actor i
“went to” actor j for technical information concerning the devel-
opment of one of the products under development at the company.
The sequence of this matrix is such that it also captures the formal
arrangement of people into the ten organizational groups formally
defined in this organization.

For each of the task-related interactions shown in the past inter-
action matrix (Fig. 3), we captured the “dyadic ease for generating
potentially creative ideas” from the respondents’ point of view.
This was captured by asking each respondent to rate, on a seven-
point Likert scale (from “strongly disagree” to “strongly agree”),
their level of agreement with the following statement [31,40]:
“When I interact with [name of source contact], it is easy for me
to generate NOVEL creative solutions and/or ideas. These
NOVEL ideas can be related either to our products or to the way
we do things.” Observe that there we measured the level of crea-
tivity associated with each task-related interaction in a similar
fashion as we did in the initial survey of the empirical setting
(described in subsection 3.2) used to test our hypothesis.

Figure 4 shows a creative interaction matrix, which captures
the creative interaction patterns in the organization. A nonzero ij
cell in this matrix indicates (on a seven-point Likert scale) the
extent to which person’s i ease with generating potentially crea-
tive ideas after interacting with person j. The sequence of this ma-
trix is identical to the one used in the matrix shown in Fig. 3.

To illustrate how to use data capturing the communication
patterns of an organization to form creative teams, we show
how to identify, based on creative team familiarity, the candidates
to form a creative task force of 11 people. We chose this team
size arbitrarily because it is the largest group size in the current
formal organizational structure (the quality assurance group).
Inspecting the patterns of creative interactions shown in Fig. 4
makes it clear that identifying the candidates to form such a crea-
tive task force with maximum creative team familiarity is not a
trivial task.

To address this challenge, we developed a clustering algorithm
that takes the creative interaction matrix shown in Fig. 4 as input
[47]. Again, the objective function of this algorithm is to identify
the candidates to form a given number of teams (in our example,
one team of 11 actors) with maximum creative team familiarity.
The solution to this hypothetical challenge is displayed in the ma-
trix of Fig. 5(a). The square matrix shown is labeled with the 11
actors who form a creative task force of 11 people with the great-
est creativity team familiarity in the organization studied. The
cells in this matrix show the qualitative scores of creative interac-
tion among these actors as captured in the original creativity inter-
action matrix (Fig. 4).

To assess qualitatively the quality of our solution, we compare
it with the only 11-person group in the current organizational
structure (i.e., the quality assurance group), shown in Fig. 5(b).
The creative task force is potentially more creative than the qual-
ity assurance group in the following aspects:

Fig. 2 Scatter plots of creative team familiarity and product
concept design quality

6One of these development groups was further divided into two small subgroups,
but for the purpose of our analysis we consider it as a single functional group.
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• The creative task force excludes negative creative interac-
tions, whereas the quality assurance group has four negative
past creative interactions.

• The creativity team familiarity of the creative task force is
44% greater than the creativity team familiarity of the quality
assurance group.

• The creative task force balances diversity and similarity of
knowledge backgrounds. Unlike the current quality assurance
group, which by definition consists of actors who belong to
the same group, the creative task force consists of actors who
belong to five distinct groups. However, more than half (6 of
11) of the members of the creative task force were in the
same organizational group in the current organizational struc-
ture, which is consistent with previous work suggesting stir-
ring the membership of a team with new members to increase
its creative performance [15,16].

Finally, Fig. 6 shows a clustered creative interaction matrix that
displays the proposed creative task force as part of the rest of
the organization. This allows managers to visualize not only the
changes induced in the rest of the organization when forming the
creative task force but also the links of the creative task force to
the rest of the organization. Toward that end, the 11-person matrix
shown in Fig. 5(a) occupies the top-left corner of the clustered
creative interaction matrix shown in Fig. 6. Past creative interac-
tion patterns of the proposed task force with the other groups in
the organization are then highlighted on the top and left band of
the clustered creative interaction matrix.

5 Discussion

Understanding the social drivers of creative teams is an impor-
tant way to understand the human and cognitive dimensions of en-
gineering design [1,2]. In this paper, we zoomed in on the role
that team familiarity plays on the performance of creative teams
in NPD settings. Although previous research has provided con-
flicting findings relating team familiarity and creative perform-
ance, we show that team familiarity can be an important
determinant of creative teams’ performance. This paper is first in

recognizing that the quality of prior interactions among team
members (before joining the team) can vary significantly and that
such variation determines the type of team familiarity that is posi-
tively associated with creative performance. Specifically, this pa-
per argues that creative team familiarity, defined as the extent to
which team members have triggered potentially creative ideas in
each other in work-related tasks prior to joining the team, is an
important driver of creative team performance (as opposed to
overall team familiarity, which is a function of the number of
prior interactions among team members). We found empirical
support for our core argument and illustrated how to use our find-
ings to assemble creative teams in a real organization.

Identifying the members of a creative team is clearly an impor-
tant yet daunting task that determines to a large extent the capabil-
ity of the team to perform well [7,9]. Previous literature has
suggested assembling creative teams of people with the necessary
expertise to carry out the task, with complementary personalities,
and with strong motivation to carry out the work [9]. More
recently, this literature stream has paid particular attention to the
social networks of potential team members as a key ingredient to
consider when forming the team [48,49]. Considering the social
networks of potential team members is critical for two reasons:
(1) on the external side, such networks provide the bridges to the
groups outside the team that the team will have access to [49] and
(2) on the internal side, such networks determine the familiarity of
the team to be formed [13].

Given our finding of a positive relationship between creative
team familiarity and the ability of teams to produce innovative
outcomes, we put forward a structured approach to identify poten-
tial team members that would maximize the creative team famili-
arity of the team to be formed. We structure such an approach in
four fundamental steps, which map to Figs. 3–6 in section 4:

Step 1: Capturing the formal and informal organizational struc-
ture. This paper highlights the imperative for managers to
not only capture the formal organizational structure (how
people are formally assigned to their organizational groups)
but also to document the informal organizational structure
(who talks to whom for task-related matters). The objective
of this step is to map out the social network within the NPD

Fig. 3 Past interaction matrix of the firm studied
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Fig. 4 Creative interaction matrix of the firm studied

Fig. 5 Teams of 11 actors: (a) proposed creative task force and (b) current quality assurance group
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organization as illustrated by the interaction matrix shown
in Fig. 3.

Step 2: Measuring creative dyadic interactions. To be able to
measure creative team familiarity, it is crucial to capture the
quality of task-related interactions prior to forming a crea-
tive team. To do so, we suggest measuring, for each task-
related interaction identified in step 1, the extent to which
the recipient of such dyads has been able to generate poten-
tially creative ideas based on his or her interactions with the
source of such a dyad. Toward that end, we suggest using a
dyadic question similar to the one used in our empirical sec-
tion and in the industry example discussed in Sec. 4.1. Then,
such dyadic data can be aggregated into a creative interac-
tion matrix similar to the one shown in Fig. 4.

Step 3: Identifying candidates for creative teams. When the
need to form one (or more) new creative team(s) arises, one
can use the creative interaction matrix created in step 2 as
the key input to a clustering algorithm that will identify the
members of the organization that should be pulled together
into new team(s) with maximum creative team familiarity.
This third step relies on the existence of the appropriate
clustering algorithm that takes the creative interaction ma-
trix and the needs of the NPD manager as core inputs and
produces suggestions of possible creative teams with high
levels of creative team familiarity as the outcome in a simi-
lar way as the 11-person task force identified in Sec. 4.1
(see Fig. 5(b)). Our current research efforts are focused on
developing various clustering algorithms to address various
types of managerial requests centered on the challenge of
assembling creative teams that maximize creative team fa-
miliarity [47,50,51].

Step 4: Visualizing the potential alternative organizational
structure. Although our findings show that forming a crea-
tive team with high levels of creative team familiarity is
likely to lead to high levels of creative performance, teams
do not work in isolation. Research has also shown that the
team’s social network with other groups in the organization
is likely to be an important driver of performance [49].
Hence, it is valuable to examine how the potential teams

identified in step 3 coexist with the existing organizational
groups. This can be done by resequencing the creative inter-
action matrix to reflect the update on the organizational
structure, as illustrated in the clustered creative interaction
matrix in Fig. 6. This would allow the managers to visualize
the number and quality of links that the potential team
would have not only within the team but also with other
groups in the organization.

Finding a positive link between creative team familiarity and
team performance also has implications for design engineering
education [52]. Although previous research has studied alterna-
tive ways to run project-based engineering design courses and al-
ternative means to assess the performance of creative teams in
such courses [53–56], we know little about the levers that
instructors have to improve the creative outcome (in terms of
both project outcomes and learning experience) of such courses.
Based on our findings, we suggest that instructors of such
courses consider cultivating creative team familiarity as one of
their key levers to improve the outcome. For instance, in a
project-based course that teaches teams formed by both MBA
and industrial design students how to manage the new product
development process [57], we now run a one-day full-immersion
team-based product design exercise (similar to the one described
in Sec. 3.4) so that teams cultivate their creative team familiarity
(under the close supervision of the instructor) prior to the main
long-term course project kick-off. The results from this new
teaching approach have resulted in appreciably better product
concepts from the course projects and higher levels of student
satisfaction with their learning experience from the course (as
shown by a significant 10% increase in the average course rating
evaluation).

As with any empirical research project, ours has limitations
concerning the extent to which our findings are generalizable. We
were fortunate to have access to an empirical setting that allowed
us to reliably measure creative team familiarity of teams that were
all going to carry out a design exercise under similar conditions.
Such a setting allowed us to test whether the variation in creative
outcome was positively associated with the variation observed in

Fig. 6 Clustered creative interaction matrix of the firm studied
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creative team familiarity. Although having design teams working
in isolation from other teams was a necessary condition to test our
hypothesis in a rigorous matter, such a condition does not allow
us to say anything with respect to the effect of prior creative inter-
actions of team members with other members with the organiza-
tion outside the team boundaries. Future work in this area would
benefit by studying the relative effect of creative team familiarity
(as conceptualized and measured in this paper) versus the effect of
external team familiarity (conceptualized as the extent to which
team members have had prior creative interactions with other
members of the organization).

6 Conclusion

Overall, this paper takes a step forward in meeting the chal-
lenge of assembling teams to maximize creative performance.
This challenge is nontrivial and has not been fully addressed in
the past—in part because of the conflicting forces driving the cre-
ativity phenomenon [16,22,23,31,58]. Our approach avoids form-
ing teams based solely on traditional criteria: the diversity of the
potential members’ backgrounds, how well members get along,
and how long team members have been working together [15,16].
Instead, we suggest considering the quality of the communication
patterns of individuals in the organization as an important input to
the process of assembling creative teams. Forming creative teams
is an emerging topic of vital importance for successful new prod-
uct development. We believe that the approach developed here
has important theoretical and practical ramifications, but addi-
tional insights remain to be discovered in this nascent area of
research.
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