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Abstract

Optimizing work team composition in organizational
and educational environments is an important task
toward maximizing performance. Social science
research has revealed that personality trait composition
influences team cohesion and performance. However,
this research has not been well-adapted into the IS
context. In addition, prior research demonstrates how
individual personality traits impact teams, but fails to
appropriately characterize overall team personality
composition. We expand this research by 1)
characterizing holistic personality compositions, and 2)
examining team learning in addition to performance in
the IS context. We draw from theory on team
performance and “Big 57 trait composition. Results
demonstrate that teams comprised of homogenous
versus heterogeneous personality compositions differ in
their performance and learning. The primary
implication of this research is that teams can benefit
from a priori personality measurements and directed
composition.  Initially, optimal learning and
effectiveness comes from homogenous teams. However,
this may change over time.

1. Introduction

The most fundamental part of any business,
academic, or societal institution are the people. Success
or failure hinges on their ability to work together and
produce quality work [65]. However, teams are not just
combined skills and experience. Teams are made up of
individual people with individual personalities which
are known to impact team performance [50, 65].
Personalities define many of the psychological factors
of teams, such as how each person interacts with others
and the different roles they take on within that team [33].

Team performance is a relevant issue in the
information systems (IS) discipline because IS projects
and many other types of work happen in teams [64].
Teams are important in IS not only because they are so
often used in organizations, but also because IS
academic programs predominantly use teams for
coursework and general learning [30].
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Team cohesion is, perhaps, the dominant theory used
to explain and predict team effectiveness/performance
[1, 7, 15, 16]. However, performance is not the only
important outcome from teamwork. Teams are often
composed in ways that facilitate learning [22], and
learning in teams is greatly affected by the composition
of individual personalities in the team [50]. For
example, 77 percent of employers say that soft skills,
including personality traits, are just as important as the
specific skills needed to perform a job function [13].
Therefore, research that explains the exact role of
personality traits in team learning and performance is
valuable to employers.

Currently, there is some research on the role of
individual personality in team effectiveness in software
teams [54, 12, 19, 20]. However, this is problematic
because personality traits are not independent from each
other [28]. Overall individual personalities are
comprised of a variety of traits. Therefore, if managers
attempt to optimize a team around one “positive”
personality trait, they may inadvertently combine other
traits which may have negative effects. Therefore, the
practical implications of existing research are somewhat
limited. Without firing/hiring employees, a manager
cannot simply add more “agreeableness” to one team
without reducing the agreeableness of other teams. On
the other hand, a manager can affect the
homo/heterogeneity of team personality compositions
by grouping similar or dissimilar individual
personalities into teams. While several good studies
have examined the effects of team personality variance
(i.e. homogeneity of the individual personalities on the
team) [32, 42, 5], none have manipulated team
personality variance in an experiment to establish
causality to the best of our knowledge.

The software development environment also creates
a unique context of study. Because of constant advances
in the discipline and the need to integrate a variety of
code platforms, the practice of software development is
knowledge-intensive and its success hinges on the
effective storage, development, and dissemination of
knowledge among team members [2]. In other words,
successful software development teams need to learn
over time [3]. While effectiveness is the short-term
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priority of all teams, learning must be a long-term
priority to maintain competitive advantages. Therefore,
studies of team personality should consider both short-
term (effectiveness) and long-term (learning) goals. Yet,
currently, no research in the IS discipline characterizes
the team personality composition [e.g., 50] construct nor
how it affects both effectiveness and learning. In
summary, our research questions are: Should teams be
comprised of those with similar or diverse personalities
and what effect will team personality composition have
on both individual learning and team effectiveness?

While these questions may be asked of a variety of
teams, our research is specific to the IS and software
development context because we measure learning as
the improvement in IS creative self-efficacy (CreaSE)
[49] which is a measure of an individual’s confidence in
their ability to solve business problems with information
technology. We also draw from theory on the “Big 5”
personality  traits  (agreeableness,  extraversion,
neuroticism,  openness  to  experience, and
conscientiousness) [40], but also, how these traits can be
characterized at the team level [50]. We perform a
laboratory experiment with 34 student software teams
(total of 129 participants) who were randomly assigned
to groups of 3-4 members with either 1) similar
personality compositions or, 2) diverse personality
compositions. Our results indicate that teams with
similar personalities had greater learning and
effectiveness.

2. Literature and Theory

In this section, we build our theoretical model. The
core of the model comes from the results of several
meta-analytical theoretical reviews of the effects of
team personality compositions and their outcomes [42,
32]. Figure 1 is an adaptation of their findings. In
general, the research findings on team personality
composition indicate that team personalities affect team
processes which, in turn affect team effectiveness.
Logically, individual team member personalities
combine to produce a team personality. In addition,
individual personalities lead to behaviors which affect
team processes and effectiveness. The focus of this
research will be on improving the measurement of team
personality composition and the conceptualization of
team processes. The effects of team member personality
and team member behaviors are well-establish in prior
literature [42, 32] and are not included in this study. In
the remainder of this section, we review the relevant
theory for team personality composition, processes, and
effectiveness and apply it to the software development
team context.

Team path

Team
personality
composition

Team ) { Team

processes \ effectiveness

Team Team Team
member
cutcomes

member member

personality behavior

Individual path

Figure 1. Team Personality Theory [42, 32]

2.1. Team Member Personality: “Big 5” Traits

To model team personality composition, we begin by
explaining individual personality. The “Big 5~
personality traits are a model of human personality
based on a factor analysis of validated personality-based
survey items.  The resulting model includes 1)
extraversion, 2) agreeableness, 3) conscientiousness, 4)
neuroticism, and 5) openness to experience [28].
Personality traits refer to relatively enduring
characteristics of the individual that are acquired during
development and are relatively resistant to change [11].

2.1.1. Extraversion. Extraversion is defined by
excitability and high amounts of emotional
expressiveness. Individuals who are high in
extraversion are generally sociable and talkative. They
enjoy big crowds and draw their energy from social
situations. Those who score low on extraversion are
considered introverts. They are more reserved and
deliberate in nature. They tend to draw energy from time
alone.

2.1.2. Agreeableness. Agreeableness is exemplified by
kindness, affection, and humility. Those who score high
in agreeableness are usually very moral and sincere
people. They tend to be more cooperative than
combative and will smooth things over for the sake of
peace. Those who score low in agreeableness can be
very competitive, sometimes manipulative, and place
self-interest above getting along with others.

2.1.3. Conscientiousness. Conscientiousness is
defined as high levels of thoughtfulness and
organization.  Those = who score high in
conscientiousness tend to have good impulse control
and are very goal-directed. They can also be very
cautious. Those who are low in conscientiousness are
usually very colorful people and act on their impulses.
They can be accused of unreliability and a lack of
ambition.
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2.1.4. Neuroticism. Neuroticism is also known as
emotional stability. It is defined as mood swings and a
low tolerance for stress. Those who score high in
neuroticism are prone to bouts of sadness, anxiety,
irritability, and vulnerability. Those who score low in
neuroticism are emotionally stable and resilient, calm,
and handle stress well.

2.1.5. Openness to Experience. A person who exhibits
traits in the openness to experience factor is defined by
having a broad range of interests, being adventurous,
and creative. Those who score high on openness are
imaginative, bring new insights to groups, and enjoy
variety. Those who score low on openness are more
traditional, down-to-earth individuals. They can resist
change and may struggle with abstract thinking.

2.1.6. Team Personality Composition. These five
factors have been linked to a very wide variety of social,
individual, and organizational outcomes. However,
researchers have had a difficult time operationalizing
these Big 5 traits at the team level [32]. There have been
three primary characterizations of team personality [32].

The most common technique has been to simply
calculate elevation, or mean scores, for each of the Big
5 traits. This technique assumes that the collective
amount of each characteristic can be pooled into an
overall team characteristic.

The second technique involves measuring the
variability of the individual personality traits. This can
be operationalized as 1) the variances of traits, 2) the
range of each trait, and 3) the proportion of team
members possessing a particular trait.

The third way to characterize team personality is
based on the minimum and maximum scores within the
team. This is because one team member can
significantly affect the team outcomes [5]. It is
measured simply by using the highest and lowest
personality scores of any member of a team.

Based on the recommendations from meta-analyses
[32, 50], we use both of the first two methods in this
study: the collective team personality score (used only
as a covariate) and the personality variance among team
members (used as the primary manipulation of our
experiment). While the collective team personality score
has often been used to assess the effect of personality on
software team performance [e.g., 54, 12, 19, 20], there
is little, if any, research on how the variance in team
personality affects software team outcomes.

This is a significant gap because organizations desire
all of their teams to be effective. Therefore, they cannot
simply form a new project team by taking all of the
employees who are highest in a particular personality
trait. Otherwise, some teams will be less successful than
others. However, managers can control the variance in

personalities across all teams and optimize them for
different outcomes. For example, some teams may be
optimized for learning while others are optimized for
performance. Therefore, we will measure elevation as a
covariate and manipulate variability in our experiment.
While some studies have examined variability [32, 42],
none (to the best of our knowledge) have manipulated it
in team experiments to establish causality. By doing so,
we can give managers strong advice on how to take
advantage of the personalities they have among
potential team members.

To help us hypothesize the effects of team
personality variance, we next review research on the
outcomes of learning and effectiveness and link them to
personality research.

2.2. Team Processes and Team Effectiveness

In general, research on team personality has
examined two primary outcomes [32]: task relationships
and team performance which [42] conceptualize as team
processes and team effectiveness. Team effectiveness is
often measured in terms of supervisor ratings [5],
improvement in quantitative scores (e.g. sales,
satisfaction) [23], or grades in a classroom setting [6].

Team processes have been operationalized in a
variety of ways. Group cohesion is a concept that
includes sub-components of both group relationships
and performance. Group cohesion also happens to be
one of the dominant theories used to explain team
performance [41, 24, 18, 10, 1, 15, 56]—making it an
ideal operationalization of “team processes” in
personality studies [7, 62]. A cohesive group is one in
which members are drawn towards one another and
desire to remain a part of the group [17]. There are two
dimensions to group cohesion: social commitment and
task commitment [25, 14, 46]. Social commitment is the
level of motivation to develop and maintain group social
interaction. Task commitment includes a common level
of motivation to complete the team’s objective and
whether team members cooperate well and feel like they
can contribute [16]. Figure 2 visualizes the multi-
dimensional group cohesion construct.

Group
Caohesion
Individua’ Group
Attraction to Group, Integration

Figure 2. Group Cohesion Model
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The GI-T and GI-S represent the “us”, “our”, and
“we” individual perceptions of the group such as the
closeness, similarity and bonding. The ATG-T and
ATG-S represent the “I”, “my”, and “me” individual
perceptions of self and the motives to remain in the
group [15]. The “S” represents the social relationships
within the group and 31 how an individual views the
group as a social aspect. The “T” identifies the
individual’s perception towards achieving a goal.

In summary, group cohesion includes both task (GlI-
T and ATG-T) and relationship (ATG-S and GI-S) sub-
constructs making it an ideal way to characterize the
effects of team personality based on prior theory [32].
Therefore, we adopt group cohesion, as well as task
performance, as dependent variables in our study as
indicated in Figure 1.

2.2.1. Prior Research on Personality and Cohesion.
To be clear, ours is not the first study to use group
cohesion constructs as endogenous variables to
personality measures. Many good studies and reviews
exist that can demonstrate the effects of individual Big
5 traits on cohesion and/or performance [62, 57, 50].

Perhaps the most closely relevant study to ours, van
Vianen et al. [62] found that team personality, measured
all three ways suggested by Halfhill et al. [32] (elevation
[“means”], variability, minimums, and maximums), did
have limited effects on group cohesion and task
performance. In particular, the team elevation of each
Big 5 trait led to positive effects on both task cohesion
(including agreeableness and conscientiousness) and
social cohesion (including extraversion and emotional
stability [the opposite of neuroticism]). In addition, team
variance on each personality trait had a negative effect
on either group cohesion and/or performance in at least
one of the three contexts they studied. While these
personality studies do not provide much theoretical
explanation for the effects of team personality variance,
there is evidence in related fields that personality
conflicts can lead to poor conflict resolution and lower
relationship satisfaction [55]. Therefore:

H1: Team personality variance negatively affects
group cohesion.

A common theme in the research is that each trait is
analyzed individually. For example, elevation (mean),
variability (variance), maximum, and minimum are
calculated separately for each trait. However, the Big 5
traits are not fully independent personality
characteristics that exist in isolation from each other
[28]. There is some level of collinearly among them and
overall personality is represented as a combination of all
five. For example, it is commonly found that a team’s

collective (i.e. “mean score”) conscientiousness leads to
greater social cohesion [42]. However, if a manager
optimizes for conscientiousness, he or she may
simultaneously be optimizing for high neuroticism
which has negative effects on team outcomes [50, 32,
42]. Therefore, all five traits need to be conceptualized
into a single elevation and variability score. Although
several good meta-analytic studies exist that evaluate
the effect of personality elevation and variability on
group cohesion and/or effectiveness [50, 32, 42], they
examine these measures trait-by-trait  without
combining them into a single composite score. As a
result, we will implement a more appropriate measure
of collective personality and personality variance
(explained in the Methodology section).

There are three other important reasons to continue
with our research objective. First, none of the studies
that include a variance measure of team personality are
in the context of software development or closely
related topics and, therefore, may not generalize well to
the information systems field. To be fair, studies of
personality in software teams do exist, but they are
based on older personality measures that have been
dropped in favor of the Big 5 model [e.g., 54]. Second,
although team personality composition has been
examined, no research that we are aware of has actually
manipulated team personality variability to establish its
causal effect on team processes and effectiveness. Third,
there are other important outcomes of team personality
composition that are relevant to software development
teams that need to be examined which haven’t been in
prior research—namely the individual learning that
takes place in software development teams.

2.3. Team Member Learning: CreaSE

Although team performance is always a priority
dependent variable in the short run, organizations
realize that team members also need to grow and learn
in order to maximize long-term performance [38, 29].
Learning is particularly important in software
development teams where creativity and experience are
primary factors for performance over time [8, 45].
Furthermore, agreeableness, extraversion,
conscientiousness, neuroticism, and openness to
experience each affect learning and learning orientation
[21, 11]. Therefore, we need to characterize a relevant
definition of learning in software development teams to
examine the effects of team personality.

Creativity has been identified as one of the most
important characteristics of successful software
developers and information systems (IS) practitioners
[31, 35, 60, 47, 8, 45, 49] and, therefore, is a prime topic
in academic IS curriculums [36, 37]. Management
researchers have also argued that one’s confidence in
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their ability to find creative solutions is as, or more,
important as their actual creative abilities. This belief in
one’s ability to solve unstructured problems requiring
creativity is referred to as creative self-efficacy [29, 52,
59]. Most recently, IS researchers have adapted this
construct to measure IS creative self-efficacy (CreaSE)
which refers to, “...an individual’s belief in their ability
to develop creative solutions to new or unstructured
business problems through the development of
information systems that support business process and
the people who execute them” [49, pg. 5].

Based on core theory on human creativity [34],
CreaSE is a second-order formative construct based on
five independent factors [49]: 1) affect, 2) business
skills, 3) intelligence, 4) people skills, and 5) technology
training. Affect refers to our emotions, moods, and
attitude [9] toward creative problem solving which has
a significant effect on our creative performance. For
example, negative affect can reduce our “flexible
thinking” and problem solving capabilities on complex
tasks [4]. Business skills are a person’s knowledge about
the business domain they are working in including
processes, strategies, and management. Intelligence is
the factor that changes the least and refers to the
cognitive ability for creativity a person is innately born
with. People skills are a person’s ability to collaborate
effectively with others on a team and combine the good
ideas from others into their own problems solving
framework. Finally, technology training refers to the
hard technology skills that a person has, such as
programming, data analytics, and computer systems,
which will be combined and implemented in creative
ways to solve IS problems.

CreaSE has been positioned as a primary outcome
variable measuring the effectiveness of IS students and
practitioners [49]. Therefore, we characterize a software
development team member’s learning as their
improvement in CreaSE over time. Because variability
in team personalities may lead to conflict [55] and lower
group cohesion [62], we hypothesize:

H2: Team personality variance negatively affects
team member improvements in CreaSE.

Figure 3 visualizes our research model based on
implementing the theoretical model in Figure 1 in the
software development context. We have darkened the
lines of those constructs that we either improve the
measurement for (team personality composition) or
evaluate new for this study (learning). In our model, we
use the term “cross-trait” to indicate that we will
measure and characterize all Big 5 traits into a single
score in our methodology. Although we will test every
relationship specified in Figure 3, we have only
hypothesized those which are unique to, and a

contribution made by, this study.

Team personality Team processes

eam member

earning

Figure 3. Research Model

3. Methodology

To test our model, we conducted a laboratory
experiment with a class of 129 students enrolled in a
Java-based software development course who were
assigned team-based projects. A laboratory experiment
was necessary in order to have the ability to manipulate
team personality composition. To be clear, we do not
mean that we manipulated individual personalities, but
that we captured individual personalities with a pre-test
and then randomly assigned them to groups of high
personality variance versus low personality variance
treatments. In other words, we implemented a 2-
treatment, between-groups design where teams were
comprised of either homogenous or heterogeneous
personality composites. The exact procedures for this
methodology are described next.

3.1. Procedures

At the beginning of the course, students were given
a pre-survey measuring the Big 5 personality traits
(agreeableness,  conscientiousness,  extraversion,
openness to experience, and neuroticism) based on
Goldberg et al.’s validated instrument [28] on a 5-point
Likert scale from 1 = strongly disagree to 5 = strongly
agree. In addition, we measured a baseline score of their
CreaSE using the validated instrument [49] so that their
improvement in CreaSE (representing learning) could
be calculated at the end of the course. We did not capture
group cohesion at this time because their groups did not
yet exist. In addition, theoretically, there should be no
level of cohesion at the beginning of a team formation.

Next, using maximum likelihood extraction with
promax rotation, we performed a factor analysis of the
Big 5 measurement results to confirm that each item
truly measured its intended construct. We removed one
item from the conscientiousness construct and one from
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neuroticism to produce an optimal measurement model
and recorded the final factor scores.

Next, in order to characterize a composite
personality score for each participant that would be
based on all five traits (as opposed to examining each
trait individually as in prior research [42, 32]), we
performed a k-means cluster analysis. A gap statistic
[58] was calculated for every combination of clusters
from 2 to 25 which determined that the data best fit into
two clusters. We then recorded the Euclidean distance
for each participant representing the closeness of their
score across all five traits to the center of the nearest of
the two clusters. This allowed us to characterize team
members’ overall personality as well as how closely
they fit within that personality. Figure 4 illustrates the
actual average personality trait scores between the two
clusters. Note: EXT = extraversion, AGR
agreeableness, CON = conscientiousness, NEU
neuroticism, OPE = openness to experience.

M Cluster 0 "Let me coders"
Cluster 1 "People persons"

EXT AGR CON NEU OPE

Figure 4. Personality Cluster Description

O FRLr N WA~ WOUM

Analysis of variance (ANOVA) tests reveal that
extraversion (F = 134.93, p < 0.001), agreeableness (F
= 58.98, p < 0.001), neuroticism (F = 4.72, p = 0.032),
and openness to experience (F = 64.96, p < 0.001) each
significantly  differentiated the two  clusters.
Conscientiousness, although quite different between the
two clusters, did not (F=0.692, p = 0.407). In summary,
Cluster 1 represents those who are highly extraverted,
agreeable, and open to experiences, while low in
neuroticism. A person in Cluster 1 (n = 51) is more of a
“people person” who likes collaboration and working
with others. Cluster O (n = 78) represents those who are
low in extraversion and agreeableness, and to a lesser
degree, low in openness to experience. Yet they are
highly neurotic. These can, perhaps, be described as
those who want to work independently from others. We
call them the “just let me coders.”

3.3.1. Manipulation. Once every participant had been
classified into an overall personality type, we
manipulated the variability of team personality
composite by randomly assigned (with stratification into
equal sized teams) them into teams of four that were
comprised of individuals of either a) the same
personality cluster, or b) two from each personality

cluster. In other words, they were randomly assigned to
either homogeneous (based on personality) teams or
heterogeneous teams. However, because there was not
an even number of participants in each personality
cluster, we had to kept the number of participants equal
in the heterogeneous treatment to balance the teams
(two members of each personality type) while having
different numbers of homogenous teams (see Table 1).

Table 1. Number of Participants

Cluster 0 | Cluster 1 Teams
“let me “people
coders” | persons”
Homogeneous 48 21 18 combined
Heterogeneous 30 30 16 combined

At the end of the semester, we collected students’
effectiveness data, which was their grades from three
team-based projects during the semester. All students
participated in the same assignments under the same
professor, with the same resources available to them.
We also administered another survey to capture group
cohesion based on validated instruments [16, 14, 15].
This survey also collected the CreaSE instrument again
to measure learning and improvement in their
confidence in writing code to solve business problems.

4. Results

Figure 5 depicts the differences in group cohesion
developed for each treatment. Figure 6 depicts the
learning that took place over the semester represented as
the improvement in the overall CreaSE score. Figure 7
depicts the three team based projects used to calculate
their team effectiveness score. The projects are listed in
the chronological order they were delivered in.

Homogeneous

5.5
5.0 Heterogeneous
4.5
40 I
35
3.0 .
GIS GIT

ATGS ATGT

Figure 5. Group Cohesion by Treatment

5.8 Homogeneous
-—@==Heterogeneous
5.3 o
o
4.8
Time 1 Time 2

Figure 6. Learning (i.e. Improvement in CreaSE)
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100
99
98
97 Homogeneous
==@== Heterogeneous
96
Project 1 Project 2 Project 3
99.5
98.5
97.5
965 Cluster 1 ("people persons")
95.5
Project 1 Project 2 Project 3
Figure 7. Team Effectiveness Over Time

Table 2 summarizes the results of a multivariate
ANOVA using the treatment and the cluster as factors
with the Euclidean distance from the cluster and age as
covariates. To better understand the results, we broke
apart the group cohesion and CreaSE scales into their
sub constructs (as is common [e.g., 7, 62]). For
simplicity, we include the only significant effects of
Cluster and all effects of Treatment. The group cohesion
and CreaSE scores used in this analysis are based on
averages of the items representing each construct.
Although we manipulated personality composition at
the team level, we analyze the MANOVA at the
individual level because learning (CreaSE) is an
individual construct. Analyzing team effects on
individual constructs is common in studies of teams and
learning [48, 39].

Table 2. Multivariate ANOVA Results

Factor DV Mean square F p-value
Cluster Effectiveness 5.655 3.172| 0.077
Treatment |GIS 1.863 3.675| 0.058
GIT 0.440 0.532| 0.467

ATGS 5.737 5.008| 0.027

ATGT 3.250 5.658| 0.019
CreaSE_INT 5.261 4.793| 0.030
CreaSE_BUS 9.188 7.752| 0.006
CreaSE_AFF 0.709 1.793| 0.183
CreaSE_PEO 5.890 6.017| 0.016
CreaSE_TEC 6.913 5.785| 0.018
Effectiveness 15.842 8.886] 0.003

In summary, there was a significant effect of the
treatment on learning. Particularly, participants that
were in teams with low variability (homogeneous

teams) in composite team personality were able to learn
more in the same amount of time than high variability
teams. However, Table 2 reveals greater detail. This
improvement in CreaSE occurred for the intellect,
business  knowledge/skills, people skills, and
technology skills sub-constructs, but being in a
homogeneous group did not help affect: their attitude
toward creative problem solving. In addition, those in
homogeneous teams developed better group cohesion
attitudes (ATGS and ATGT). Lastly, those whose
personalities placed them in Cluster 1 (the “people
persons”) performed marginally better than those in
Cluster 0; but this effect appeared to disappear over
time. More significantly, those in homogeneous teams
performed better than those in heterogeneous groups;
and this effect increased over time.

4.1. Structural Equation Model

While the MANOVA allowed us to test individual
relationships, it does not allow us to test the entire path
model in Figure 3. Therefore, we also analyzed a
structural equation model (SEM) using SmartPLS 3
[53]. The advantage of PLS SEM is that it allows us to
model second order formative constructs appropriately
[26, 43]. Group cohesion is a second-order reflective
construct which we analyzed by first calculating the
latent factor scores for each of the sub constructs and
then used those factor scores as indicators of a reflective
construct representing the second-order group cohesion
factor [e.g., 63]. Similarly, CreaSE was modeled as a
second-order formative construct in the same manner
except that the latent factor scores for the sub constructs
were treated as formative indicators of the second-order
CreaSE construct as specified in prior research [49].

Before testing hypotheses, we first analyzed the
measurement properties of the latent reflective sub-
constructs. This includes testing for reliability,
convergent validity, discriminant validity, multi-
collinearity. We tested each of these measurement
properties using the latest techniques [26, 27] and found
no issues with the measurement. We did not test for
common methods bias because our dependent variables
were measured separately and uniquely from our
independent variables making the issue irrelevant to our
data [44, 51].

Table 3 summarizes the results of the PLS algorithm.
Significance was tested using 1000 samples of a
bootstrapping procedure. In addition to testing the
theoretical model in Figure 3, we also controlled for
gender. We did not control for age or ethnicity as the
class was very homogenous.
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Table 3. Results of PLS Analysis

Relationship 3 t-stat |p-value
Treatment -> Cohesion -0.22| 2.58| 0.005
Treatment -> CreaSE (learning) -0.20/ 3.08] 0.001
Treatment -> Effectiveness -0.27] 2.96/ 0.002
Cluster -> Cohesion -0.03| 0.37| 0.357
Cluster -> CreaSE (learning) 0.09] 1.41] 0.079
Cluster -> Effectiveness -0.15| 1.64/ 0.051
Cohesion -> CreaSE (learning) 0.18| 2.14| 0.017
Cohesion -> Effectiveness 0.34] 4.45| 0.000
CreaSE (learning) -> Effectiveness 0.06] 0.60/ 0.275
Gender -> Cohesion 0.19] 2.04] 0.021
Gender -> CreaSE (learning) 0.00f 0.01] 0.497
Gender -> Effectiveness -0.14] 1.76] 0.039

6. Discussion

In summary, teams comprised of homogeneous
personalities develop greater cohesion, greater
confidence in their ability to execute creative problem
solving (CreaSE), and greater effectiveness.
Interestingly, while controlling for team personality
variability, we found that an individual’s personality
cluster made a difference in effectiveness. Our cluster of
“just let me coders” are more effective, but they may
develop less confidence in their abilities than our cluster
of “people persons.” As expected, group cohesion
improves performance, but learning has no effect on
performance. Additionally, gender also has little effect
on cohesion and effectiveness, and no effect on learning.

6.1. Implications

The primary implication of this research is that
software development teams can be positively affected
by 1) measuring individual personality, 2) clustering
individuals into personality types, and 3) placing them
in teams of homogenous personalities.

The theory behind this implication is that greater
learning and team effectiveness occurs when conflicts
are minimized. This should not imply that conflict is
always bad as organization research has pointed out
[61]. However, at least in the early stages of team
formation and learning, reducing distractions and
conflicts that arise due to personality differences has
obvious benefits.

Interestingly, we performed a post-hoc analysis to
detect interaction effects between the treatment and
cluster. A significant effect was found (B = -0.12, p <
0.05) meaning that being in a group of homogenous
personalities was significantly more important for
Cluster 0 (“let me coders”). This is not surprising since
this cluster was lower in agreeableness, extraversion,
and openness to experience while higher in neuroticism.
These were more likely to develop conflicts because of
their personality types.

6.2. Limitations and Future Research

This study does have some limitations. The
experiment was conducted on a small dataset of students
comprised of just 34 teams made up of 129 students.
Naturally, our effects may be different in real software
development  organizations.  Despite  this, our
implications are still very significant for IS academic
programs that are motivated to maximize students’
learning. 1S programs should also measure personalities
and optimize teams for improvements in CreaSE.
However, a clear opportunity for future research is to
replicate our study in a real business environment which
would produce more confidence for managers in the
results.

Another limitation and opportunity is that the
students in our experiment were programming novices.
For most, this course was the first course in software
development. Therefore, our results may be quite
different for intermediate to advanced developers who
already have a cognitive basis for programming
knowledge and may be more able to cope with, and take
advantage of, differing personalities. Therefore, future
research should certainly replicate our results with more
advanced programming teams.

Another idea for future research would focus on
defining the combination of diverse personalities to
achieve the highest level of software development
performance and the combination of common
personalities to achieve the highest level of software
development learning. This could allow organizations to
maximize their possibility to achieve their desired
outcome of learning or performance.

Another limitation of our research is that we
identified only two types of personality clusters. This
result was favorable for an initial experiment like ours.
However, with greater participation, future research
should identify more clusters of personalities and
estimate their effects on various roles in a software
development team (e.g. design, code, test).

Finally, it should be noted that our experimental
design—although  motivated by the software
development context—may be applicable to a wide
variety of engineering teams and other teams that
depend on learning over time. Future research should
measure additional variables that are more specific to
individual domains.

7. Conclusion

In conclusion, managers and academic departments
using team-based software development would benefit
from measuring personalities and combining similar
personalities to maximize effectiveness and learning—
at least in the early stages of a student’s program or
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employee’s career.
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