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Patterns of Communication Behaviors among Global Software Student
Teams and the Effects of Task Type

Abstract

A key factor in the success of global software development learning teams is the
communication that occurs among the group. Various task characteristics, however, may affect
the both the quality and quantity of the group communication. This study investigates the effects
of task type on the communication behaviors of student teams engaged in a software
development project. Two groups of teams completed assignments that varied in degree of task
type and product. Content analysis was used to identify distinct patterns of interactions and
examine how these patterns were associated with task type. Results indicate that differences in
task context and product do not have large effects on the communication behaviors of global
software teams. These findings will provide a basis for creating instruction that can help
maximize successful communication among global software learning teams.

Keywords: Global software development, Computer Supported Collaborative Learning,
Distributed Work Groups, Teamwork

1. Introduction

Changes within the software industry have prompted computer science educators to develop
new courses that teach students how to work in global software development teams [5, 13]. A
critical component of these courses is the completion of a software project that requires students
to work in multi-university teams that cross time as well as geographical boundaries [2, 29]. The
internationalization of software engineering courses has been particularly useful because they
can bring a degree of realism to the classroom and make learning more relevant. They also
provide unique opportunities for students to learn how to communicate knowledge within the
context of a culturally mixed distributed team [4, 18]. Similar to real-work situations, students
must learn how to overcome obstacles such as differences in culture, time zones, and languages
[9, 30, 33] in order to produce a final product. While new collaborative technologies, such as
shared management tools and mature videoconferencing systems, seem to be helping students
communicate across time and space, many questions remain about how to teach students to share
ideas, knowledge and code. Lacking specific instructional materials that teach students how to
interact more effectively with their team members, instructors have tended to rely on more
experiential learning activities to deepen students’ understanding of the group communication
process. Evidence suggests, however, that student-to-student interactions alone do not always
lead to better performance among global software development learners [8, 26]. The need for
research about how to make global software student teams more effective has prompted
questions about which practices and training lead to better performance. As the geographic scope
widens, educators are striving to understand the challenges and opportunities introduced by
globally distributed courses in order to provide a more competitive software education for their
students.



To examine issues related to the teaching of global software development courses, the authors
began a multi-university research project that is aimed at increasing the effectiveness of
distributed programming teams that are composed of students who have different cultures and
live in different time zones. One of the major objectives of the research is to develop
instructional materials that help students use new technology to communicate and share ideas,
code, and information. The specific universities involved in the research project are Middlesex
University (MDX), Universidad Tecnoldgica de Panama (UTP), University of North Texas
(UNT), Middle East Technical University (METU), and Atilim University (AU). Each semester,
students from the participating universities are grouped together and asked to complete a
software development project. The classroom projects are intended to mimic the inherent Global
Software Development (GSD) characteristics of geographical distance, different cultures, and
different time zones. Using various computer-supported collaborative tools, students must learn
how to communicate with their teammates and coordinate the different software development
tasks. Because these interactions are recorded, we are able to examine the different
communication activities in an effort to determine which factors lead to better performance.
These particular analyses are designed to give us useful insights into the specific dynamics that
affect distributed teams. They also provide a basis for selecting strategies that can either
maximize or minimize the various factors that characterize more successful collaborations.

One of the results from a study completed in spring 2008 suggested that communication
patterns might be related to task type [37]. Student teams located in the United States (US) and
the United Kingdom (UK) were assigned a database project, while student groups in the US,
Panama and Turkey were given a programming exercise. An analysis of students’ online
discussions indicated that there was a significant difference in the communication behaviors of
the US-UK groups versus those in the US-Panama-Turkey projects. The groups in the US-
Panama-Turkey project displayed significantly more contributing and less planning behaviors
than the groups in the first project. The difference in these two behaviors, we believed, was due
to differences in the tasks assigned to the two groups of students. The UK-US teams were asked
to design and query a database, while the US-Panama-Turkey student groups were assigned a
programming task in which the individual teams in each country had to produce a component of
a larger program. It was speculated that the latter task probably necessitated a greater amount of
contributing behaviors such as giving feedback, etc. Thus, particular types of tasks may generate
specific communication patterns among global software development student teams.

The research presented in this paper is an attempt to investigate whether aspects of the task
affect the communication patterns of global software learning teams. The implication for such a
study is that the results should help teachers of global software development courses provide
their students with more informed information about how to communicate with distributed team
members. Similarly, the authors sought to examine the affect of task type on the communication
patterns of high versus low performing teams. In order to address these issues, the authors
analyzed the computer conferencing transcripts of two different global software development
student projects by means of a content classification scheme developed by Curtis and Lawson
[10].We then examined the results of these classifications to compare the distribution of
communication behaviors that occurred within each project, and whether there were any
differences between groups based on task type or performance. The paper begins with a report on
the relevant research that was used to guide this study, followed by an overview of the
experiment. The paper also includes a description of the coding scheme and the measures that
were used to gather data about individuals and teams. Finally, the paper presents the results of



our analyses and concludes with a list of recommendations that are meant to improve future
work.

2. Related Literature

Communication seems to be an essential component of all software development
collaboration practices and processes. Besides formal project communication, empirical studies
suggest that developers rely heavily on informal, ad hoc communication [25, 32, 39].
Consequently, hurdles in communication can have dramatic effects upon team members’ abilities
to complete global software development (GSD) projects. Besides differences in language and
culture, global software development teams suffer from a lack of informal communication,
resulting in low levels of trust and awareness of work and progress at remote sites. In GSD
projects, managing communications is important. Strategies recommended in the literature
include the use of special communication liaisons [17], bridgehead teams [6], and technical
personnel to help interpret different communication styles and patterns among team members.

Communication also plays an important part in the success (or failure) of distributed learners.
There are numerous studies that support the idea that interactions with both the instructor and
other students are essential ingredients in distributed learning courses [14, 38]. For example,
Garrison, Anderson, and Archer [15] describe the importance of creating a “virtual community
of inquiry” that allows learners to construct experiences and knowledge through analysis of the
subject matter, questioning, and challenging assumptions. The importance of communication is
probably even more critical for global software student teams, given that in such teams,
computer-mediated communication forms the basis of all social action [34] and knowledge
transfer [43]. It has been argued, for example, that a student who engages in a higher extent (or
greater amount) of communication will transfer more knowledge to his/her remote team
members, thus leading to better team performance. As a result, performance on a project or
assignment is often measured by looking at the number of chats or notes posted by a student.
Similarly, studies have used the number of online activities such as the number of messages [19],
mean number of words [2], and thread-length [19] to assess the extent of student collaboration.

It is now widely believed that reporting on the quantity of communication activities alone is
not sufficient to understance group collaboration [27]. To understand the true effects of a
particular communication activity, researchers suggest using content analysis to assess the
quality of online discussions [12]. Content analysis allows researchers to discover the existence
of certain patterns in online discussions and determine how particular patterns affect the
performance of a group [40, 41]. A communication pattern is usually established through the use
of a particular coding scheme that characterizes an online interaction. For example, reference 42
classifies student messages into three categories: (1) added, explained, or evaluated; (2)
summarized; (3) transformed. This scheme can be seen as an information processing approach
because each activity represents a different level of information processing. On the other hand,
Walther [44] describes communication patterns in terms of personal, interpersonal and hyper-
personal behaviors. Still other educators have developed coding schemes that describe students’
critical thinking skills, which are then used to measure the quanity of such activities within an
online discussion [28, 31]. Coding schemes have also been developed for determining the
overall meanings of a set of postings, and how these different meanings are transferred to a
participant’s ability to perform other related tasks [7, 16, 36]. Finally, researchers such as Jeong
[22] and Bakeman [3] analyze the entire discussion in an attempt to learn about the relationships
and transitions that occur within and among different interactions. Comparison of content
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analysis instruments used to characterize student discussions reveals that classification schemes
often vary according to particular tasks or activities assigned to students [24]. For example,

examining student discussions about different themes in literature may require the researcher to
use a different type of coding scheme than looking at how student groups solve math problems.

2.1. Task Products

Several researchers have suggested that students’ discussion often varies with the specific
task that is required. Wiley and Bailey [45] point out that successful group work occurs when
students must work together to achieve a specific goal (i.e., accomplish an interdependent task).
It is likely that a specific end product stimulates students to share information in a particular way
and to discuss and learn from the knowledge that other students bring to the mutual task [42].
Andriessen [1] suggests that the groups often focus on the specific themes and problems of the
discussion task. Specification of a specific product, therefore, may affect the way students
communicate and how they share ideas, knowledge and information.

On the other hand, several researchers have found that task differences were less strong in
online communications. For example, Hollingshead [20] found that the relationship between
technology and task performance appeared to be more dependent on experience with the
technology and with group membership than on the type of task. It has been suggested that
variables such as gender [35], knowledge [21], and medium may have more effect on
communication patterns than task or goal.

2.2. Research questions

This study investigates the effect of task context on the communication behaviors present in
asynchronous online discussions for global software learning teams. This study also seeks to
assess the relationship between task type and patterns of communication among high and low
performing teams in asynchronous online text discussions. The following hypotheses were
investigated:

e Hj: The communication patterns of global software development teams assigned Task 1
and those assigned Task 2 are the same (homogenous).

e Hj: The communication patterns of high performing global software development teams
assigned Task1 and high performing teams assigned Task 2 are the same
(homogeneous).

e Hs: The communication patterns of low performing global software development teams
assigned Taskl and low performing teams assigned Task 2 are the same (homogeneous).

The measurement approach adopted for this study uses a coding scheme developed by Curtis and
Lawson [10], which is a content analysis technique that is used to characterize collaborative
communication activities. Curtis and Lawson [10] first identified different types of behaviors (as
described in Johnson & Johnson [23]) as being supportive of the collaborative process, and then
developed a coding schema that matched these processes to utterances in on-line collaboration.
The authors define five categories of collaborative behaviors displayed in messages: (1)



planning, (2) contributing, (3) seeking input, (4) reflecting and monitoring, (4) interacting
socially. Individual codes are assigned to postings that indicate specific types of behavior. The
authors of this paper used the Curtis and Lawson instrument to place students’ discussion
messages into various categories of behavior and then examined the communication patterns for
the two projects. A more detailed description of the procedures and measures used in the study
now follows.

3. Methodology:
3.1. Background

Every semester, the researchers at the five universities collaborate on the design and
implementation of a proposed global software development project. The proposed projects
generally involve junior or senior computer science or IT students who have completed both an
introductory and advanced programming course. The global software development projects also
tend to vary according to the skill levels of the participating students and on the specific courses
involved in the research study. The two learning objectives that guide the development of the
group projects are: (1) students should learn about the challenges and opportunities of
collaboration within a virtual setting, and (2) students should gain experience working with
people from a different country or culture.

Once the instructors agree upon the assignment, then the students are brought into the
process. After being trained on the different types of software, students are introduced to their
team members (either through a teleconference or synchronous chat), and are provided
information about the task as well as management of the teams. The student teams are asked to
use only designated collaborative software to communicate with one another. The various
collaborative software systems that are used in the projects support asynchronous
communication tools such as forums, emails, file sharing etc., as well as synchronous
communication tools such as chat. Since these systems have record keeping capabilities, we are
able to capture the communication behaviors for each team.

Students enrolled in these courses generally receive between 10-15 percent credit as part of
their overall course grade for completing the project. To further motivate participation, students
are also given prizes for their involvement and performance.

3.2. Subjects

A total of 155 students participated in the two global software development student projects
that are described in this paper. The participants in the first global student project (Task 1)
contained both undergraduate and graduate students; 27 master’s level students enrolled in a
human factors course at the University of North Texas. 32 students enrolled in a Java
programming course at the Atilim University, and 26 students from Universidad Tecnoldgica de
Panama, all of whom were recruited from different project-oriented courses.

A total of 70 students participated in the second global software project (Task 2). The 10
students from Universidad Tecnoldgica de Panamé were enrolled in a database course, the 34
students from Atilim University were enrolled in a Java course, and the 26 students from the
University of North Texas were enrolled in a database course.



Table 1 summarizes the demographic information for the two projects. Table 1 shows that
male students predominated both projects (115 total), but the courses did include some females
(40 total). All of the participating students were currently enrolled in a computer science or
information technology department.

Table 1. Demographic Information of Subjects

Task 1
University | #students | Level | Male | Female
AU 32 | BS 18 14
PTU 26 | BS 21 5
UNT 27 | MS 18 9
Total 85 57 28
Task 2
AU 34 | BS 26 8
PTU 10 | BS 7 3
UNT 26 | BS 25 1
Total 70 58 12

AU: Atilim University, Turkey

PTU: Universidad Tecnoldgica de Panama,
Panama

UNT: University of North Texas, US

For the first task, the average grade point average (GPA) for students in Panama and Turkey
was around 2.0, while US students averaged 3.6 (which would be expected given that some of
these participants were graduate students). For the second task, the average GPAs for
Panamanian and Turkish students was around 2.5, while US students averaged 3.1.

According to a survey administered to all participants, 99 percent of the students in both
projects had previously worked on some type of group project, and only 1 percent of the students
indicated that they had never worked on a team project.

The Turkey-based students were eight hours ahead of the US-based students and seven hours
ahead of the Panama-based students, and the Panama-based students were one hour ahead of the
US students.

3.3. Team Composition

US, Turkish, and Panamanian students were grouped together for both tasks. Unfortunately,
the actual number of students per group often varied according to the class sizes for a particular
course. The first task-project had 10 teams, with approximately 3 students in each group from
each of three universities (for a total of 9 team members in each group). The second task-
project had 15 teams, with between 5-6 students in each group. Each team consisted of
approximately 2 students from the US, 2-3 from Turkey, and 1 student from Panama, with a few
teams without any Panamanian students.



The students in each task-project team were randomly assigned to their teams. The students
were not allowed to change their teams during the project. The language for communication
within the project teams was English.

3.4. Tasks

Each of the two tasks had their own individual assignment. As previously stated, these
assignments were determined by the curriculum of the courses that were involved in the research
for that semester. The first collaborative task was assigned to students enrolled in programming
and interface design courses in spring 2008. Thus, this particular assignment consisted of a mid-
size software development project involving a fictitious user who was requesting an application
that could create groups (such as those that were involved in this project). The input for the
application was a set of criteria (as specified by the user) and a file containing a list of names of
students who were enrolled in a fictitious course. The output for the project was a list of the
groups and the students assigned to those groups. Student teams were given four weeks to
complete the project.

The second collaborative task was assigned to students enrolled in a database or Java course
in fall 2008. These students were given an assignment to design, create and query a database
that could maintain a fleet of rental cars. Students were expected to produce an appropriate E-R
diagram and test queries for the database as well as develop a Java application that could add and
delete data in the database. Student teams in both projects were also responsible for completing
several reports and documentation for their systems. These student teams were also given four
weeks to complete their projects.

4. Measures
4.1. Performance Measures

Team and individual scores were obtained through an evaluation of the artifacts delivered by
each individual and group. Each deliverable was evaluated based on four criteria — accuracy,
efficiency, thoroughness, and style. A design or a program was considered accurate if it satisfied
the user’s functional specifications and contained no errors. A program’s efficiency score was
obtained by examining the number and type of program modules included in the final project. A
program’s thoroughness was scored on whether the design or program included all the necessary
elements. Finally, a program’s style score was obtained by looking at different programming
elements such as variable naming conventions, indentation, use of documentation, etc.
Researchers from each university graded their own student projects as well as those from the
other participating countries. A mean grade for the project was then assigned to each student. A
team’s performance was evaluated by averaging the individual grades on each of the
assignments.

4.2. Communication Behavior Measures
A survey was administered to team members at the beginning of each task. This survey was

designed to collect the demographic information about each student participant. Although the
teams for both tasks used a number of different online collaborative tools, they did most of their



team communication using an open source platform learning management system called Online
Learning and Training (OLAT). This computer managed instructional software supports
asynchronous communications such as forums, emails, wikis, file sharing etc., and synchronous
communication such as chat. Data from the US-Panama-Turkey projects was obtained from the
OLAT system directly, and from programs that were developed to augment OLAT’s data
collection capabilities. Although the recorded data included information about every
communication activity (i.e., message posting, file upload, and wiki entry, along with the date,
time, and author of each online activity), this study focused on only the forum data posted by
each group.

A content analysis of text was conducted, with a single communication as the unit of analysis.
Two trained coders categorized messages into the five content categories using the instrument
explained in this section. Each posting was extracted and coded into one of the communication
behavior categories: planning, contributing, seeking-input, monitoring/reflecting, and interacting
socially. Duplicate codes were assigned whenever an utterance indicated multiple collaborative
behaviors. Instructor messages posted by the class instructor or teaching assistant were excluded
from the counts. Unclassified messages that did not fit into any of the categories were also not
counted. Percent agreement among the two coders for general content was 84.2%.

The instrument that was used to code the group posting was a coding scheme that
characterizes a student group’s collaborative behaviors [23]. Curtis and Lawson [10] identify
nine different behaviors (described in Johnson & Johnson [23]) as being supportive of the
collaborative process. Curtis and Lawson first created a set of 15 separate communication
activities and then grouped these activities into 5 commuication behavior categories. The list of
these behavior categories and their descriptions are given in the Table 2. This instrument was
used to determine the extent to which various communication patterns can be used to describe
global software development student teams.

The Curtis and Lawson instrument specifies five different levels interactions or behaviors.
The planning behavior indicates that the message contains a statement that relates to organizing
work, initiating activities, or group skills. The contributing code is assigned to messages that
gave help, provide feedback, exchange resources, share programming knowledge, challenge
others or explain one’s position. Other collaborative behaviors are also noted such as seeking
input and reflection. Conversations about social matters that are unrelated to the group task at
hand are generally placed in the social interaction category.

Table 2. Coding scheme and communication behavior Categories [30, p.8]

Behavior Categories | Behaviors

Group Skills, GS

Planning Organizing work, OW

Initiating Activities, 1A

Help Giving, HeG

Feedback Giving, FBG

Exchanging Resources and Information, Rl
Sharing Knowledge, SK

Challenging others, Ch

Explaining or elaborating, Ex

Contributing




Help Seeking, HeS

Seeking Input Feedback Seeking, FBS
Advocating Effort, Ef
Monitoring Group Effort, ME
Reflecting on medium, RM
Social Interaction Social Interaction, Sl

Reflection/Monitoring

Using these five categories, the authors coded the 561 student messages that had been
recorded for the two different tasks. Instructor messages were not included in these message
counts.

5. Results
5.1. Summary Data Results

A total of 301 messages were coded for the first project, and 260 messages were coded for the
second project. Table 2 lists the project grades for each team and project, with highest grade
first.

Table 3. Listing of Grades and Behavioral Communication Activities by Task Type

Task 1 Grades

Groups | Grades

Activities
5 87 38
7 76 27
2 71 41
10 71 26
9 70 30
3 70 43
6 66 21
8 64 15
1 61 32
4 59 28

Task 2 Grades

A 89 51
0] 79 17
K 75 78
E 74 11
L 73 1
M 71 8
I 69 11
C 64 18
G 64 15
J 64 18
B 59 21
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D 57 0
F 56 0
H 55 1
N 54 10

As stated above, previous literature has shown a relationship between the total amount of
communication messages and group performance [11]. It was believed that frequent
communications would increase a team’s information exchange and thus increase team
performance. In this study we tabulated the total number of communication behaviors for each
team for each task and then correlated the number of communication behaviors with the group
grades on the individual projects. There was not a statistically significant correlation between
grades and number of communication behaviors for groups assigned the first task (r =-0.44,p =
.19), whereas there was a correlation between grades and number of communication activities for
groups assigned to the second task (r = 0.55, p<.05).

We also looked at the effect of GPA on group performance to make sure that this variable did
not interfere with data concerning the number or kind of communication behaviours that
occurred with the groups. GPAs were obtained for 65 of the 85 students assigned to the first task-
project, and 63 of the 70 students assigned to the second task-project. There was no correlation
between GPA and group performance for teams in the first task-project (r = 0.123), and only a
relatively weak relationship between the variables for groups in the second task-project (r =
0.41, p< .05).

Finally, we looked at whether group grades for the two projects differed significantly. An
independent t-test was used to determine whether there was a difference in group grades between
teams assigned to the first task versus those assigned to the second. The results of the t-test
revealed that there were no significant differences between the mean grades for teams associated
with either task (Task 1 = 69.4; Task 2 = 66.0); t = 0.52, df = 23; p = 0.51).

Table 4. Comparison of Mean Scores on Projects for Each Task

Groups N Mean SD
Taskl 10 69.4 8.04
Task2 15 66.9 254

5.2. Communication Patterns and Task Type

Looking beyond the summary data, the authors examined the communication behaviors for
each task. Table 5 summarizes the analysis of the collaborative behaviors, as defined by the
Curtis and Lawson coding scheme, which took place in the online forums for each of the tasks.
Figure 1 represents this same data in a graphical format.

It seems obvious from looking at both the table and the figure that the communication
behaviors for the two tasks are surprisingly similar. The largest number of communication
behaviors for both tasks occurs in the contributing category (42.85% for Task 1; 46.92% for
Task 2), and the least numbers occur in the reflection/monitoring and social interaction
categories.

11



Table 5. Communication Behaviors for Groups in Task 1 and Task 2

Task 1 Task 2
Categories # utterance | Percentages # utterance | Percentages
Planning 60 19.93 58 22.31
Contributing 129 42.85 122 46.92
Seeking Input 93 30.80 70 23.97
Reflection/Monitoring 9 2.99 9 3.46
Social Interaction 10 3.32 1 0.39
total 301 260
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Figure 1. Comparison of Communication Behaviors for each Task

To clarify the comparisons between the communication behaviors that occurred in each task,
we converted the raw data into percentages; that is, the total number of utterances in a category
over the total number of utterances for that group (Figure 2). A chi-square was carried out to
determine whether the communication behaviors that occurred within each task were
significantly different. Although there was a higher proportion of social interaction behaviors
that occurred in Task 1 versus Task 2 (3.32% versus .39%), the overall differences in the
distribution of communication behaviors among the two tasks is very small, 2 (df=4) = 7.88, p
=0.096). When the social interaction category (because of small cell size) is removed from the
data set, then the p-value indicates that there is insufficient evidence to reject the null hypothesis
that the two tasks are significantly different with respect to communication patterns, y? (df=3) =
1.62, p = 0.66. After removing the social interaction category, the two tasks exhibit nearly
identical communication behavior patterns: planning = 21 versus 22; contributing = 44 versus
47; seeking = 32 versus 27; reflecting = 3 versus 3).
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Figure 2. Proportions of Communication Behaviors in Task 1 and Task 2

5.2.1. High versus Low Performing Groups

Since one of the broader goals of the three-year research project is to find ways to improve
collaboration among global software teams, we also examined differences in the amount and
type of communication behaviors between the high and low performing teams assigned to each
of the two tasks. In order to answer this question we selected the two highest and two lowest
rated teams in each of the two tasks. As a result of this process, we selected groups 5 and 7 from
Task 1 and groups A and O from Task 2 as the high performing teams. The low performing
teams were groups 1 and 4 in the first task and groups H and N in the second task.

Figure 3 provides a comparison of the data on the high versus low performing teams for each
task. The chi-square test for homogeneity for each task set shows that the overall distributions of
communication activities between high and low was significantly different for both tasks (Task
1: [¥? (4,N =230) =9.74, p=0.04, r=-0.18, z=-2.78, p=0.002), and Task 2: 2 (4, N =155) =
10.7074, p=0.03, r =-0.19, z =-2.32, p =0.01]. High performers in Tasks 1 and 2 show a much
higher proportion of contributing behaviors (43% in Task 1 and 55% in task 2) versus the low
performers, while the proportion of planning behaviors seems larger in the low performing teams

Having established the differences between the high and low performing groups, we then
compared the distributions of communication activities among the high performers in each task
type. Figure 4 shows the percentage of communication behaviors as a function of the task and
performance for the high performance group. No pattern difference is apparent in this
comparison. A chi-square on the high performing teams’ data shows that the distribution of
communication activities that occurred in the high performing teams for both tasks are similar, y?
(4, N = 257) =5.3898, p = 0.2496. A comparison of the distributions of communication activities
of low performing teams in each task produced comparable results, y? (4, N = 129) =0.7223, p
= 0.9485. The distribution of communication activities of low performing groups assigned to
Tasks 1 and Task 2 did not differ significantly with respect to task type (Figure 5). Thus, both
H, and Hsare rejected.
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Figure 4. Comparison of Proportions of Communication Behaviors for High
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6. Conclusion

A comparison of the online communication behaviors for students engaged in global software
development projects has produced some interesting results. The communication behaviors, as
described in Curtis and Lawson, provided a way to capture patterns among the participating
groups and compare them across different tasks. Among our more significant findings are:

e The frequency of reflecting/monitoring communication behaviors appears to be relatively
low regardless of task type. Only about 3 per cent of all messages in Tasks 1 and 2 were
coded as being in this category, indicating a low level of high-order processing in online
discussions of global software development students. The results of this study add to the
growing evidence that students use discussion forums more for exchanging information
and reinforcing beliefs rather than deliberating over new ideas and concepts.

e The results of this study do not support hypotheses H;. Very little difference was
observed in the types of messages posted by groups in either of the two tasks. Both
groups had a higher proportion of contributing messages, with a smaller percentage of
messages in the other four categories. The very small differences in the distribution of
messages coded for the experimental conditions suggest that teachers of global software
development courses may have a model of communication patterns that can be used to
help students complete any distributed group programming task. Specification of this
model may help reduce the number of irrelevant messages, as students learn how to
spend more time and effort in more productive communication activities. Such student
attention on specific communication activities may be beneficial to the goal of increased
performance in global software development projects.
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e However, the data presented in this paper may be insufficient to establish or reject a
relationship between task context and communication behaviors. Our previous research
[37] suggests that there are such differences, and other studies have reported similar
results. The earlier study found that groups assigned to produce a database displayed
significantly more planning and less contributing behaviors than the groups assigned to
complete a programming task. Since the data for this study suggest that task context has
no large effect on communication behaviors, there is a need to resolve the
inconsistencies. A comparison of the two studies indicates that the database task assigned
to groups in the first research project focused on only the design part of the database,
while the database task in the current study focused on both the design and
implementation of a database along with its interface. This suggests that further research
is needed to discover communication behavior differences between requirements and
implementation student tasks.

e There was a significant relationship between number of messages posted and grade on
the group projects for both tasks. However, the number of messages posted is a rough
indicator of discussion quality, and does not necessarily relate to the actual production of
a product. Thus, we examined the communication differences between high and low
performing teams and discovered that high performing teams spent a higher percentage of
their time contributing to the overall completion of the task, while low performing teams
tended to spend their time planning or seeking information. After this analysis, we
examined the distributions of communication behaviors among high performing teams
for the two tasks and found that the differences were not significant. We also examined
the communication behaviors among low performers and also found that the differences
in the distributions were not significant. Thus task context seems to have no large effect
on the communication behaviors of either high or low performers, resulting in a rejection
of H, and Hs.

To improve the performance of global software student projects, researchers need to
determine if the behaviors discussed in this paper consistently lead to higher performance among
teams. This study did not find evidence that task type affects overall patterns of communication
behaviors, nor was task type found to affect the communication patterns of high and low
performers. Instructors of global software development courses may be able to use the
communication behavior model in this study as a way to promote more effective group processes
within distributed team projects. This study can also be used to help educators develop strategies
that can maximize the various factors that characterize more successful collaborations.
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