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Abstract

The class social network is a momentous factor when it comes
to educational, personal and professional student success as well
as achieving course learning outcomes. Students and teachers ben-
efit from expanded network connectivity via augmented engage-
ment, more inclusivity, and efficient diffusion of information.
We present a novel method for positively influencing the class
social network. We develop an in-class grouping strategy based on
optimization and sociocentric network analysis that pragmatically
expands the students’ social networks. In contrast to existing rou-
tines, our technique focuses on maximizing individual student oppor-
tunities to establish new ties. Based on the knowledge of existing
connections, our procedure systematically optimizes the overall num-
ber of new ties that can be established during a team project.
Our data-driven approach is designed for practical use in class. We
show that the underlying combinatorial problem of maximizing unre-
lated intra-team students can be modeled as a bin packing variant.
Using an integer programming formulation, we demonstrate the efficient
spreadsheet implementation. We discuss model extensions to account
for high-density networks, team balancing, and teammate forcing and
forbidding, allowing for hybridization using existing grouping techniques.
In an empirical study, we provide evidence for the efficacy of our approach
using data from 10 industrial engineering classes with 253 students and 77
project teams - in both face-to-face and virtual modes. We demonstrate

1



Springer Nature 2021 LATEX template
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the impact of our grouping method compared to random-assignment,
self-selection, and maximizing existing intra-team ties. We report an
impressive 62% increase of ties compared to only 17% when self-assigning.

Keywords: Education, class social networks, student collaboration, dynamic
social network analysis, mathematical optimization

1 Introduction

Student success is one of the principal goals in higher education. Beyond
degree completion and achieving learning outcomes, this also includes the holis-
tic development of students regarding their social and personal development.
Establishing and maintaining a healthy and diverse peer network is an impor-
tant factor in accomplishing the latter. Furthermore, effective learning, social,
and general well-being can be seen as additional positive implications of having
a healthy and diverse peer network.

Working in teams is a crucial pillar when it comes to the creation of strong
networks. Moreover, it is well understood that teamwork is a vital compo-
nent in active learning and effectively equips students with collaboration skills
which are so important on the job ([1]). Teamwork has notable potential to
support the creation of an inclusive environment and to increase the corre-
sponding student awareness of diversity at universities ([2]). However, few
studies address the desire to pragmatically extend the number of different
collaborators for each student in order to amplify diverse and inclusive col-
laboration. This applies to both course modes—virtual and face-to-face. The
Accreditation Board for Engineering and Technology (ABET) requires under
Criterion 3 that student outcomes include ”an ability to function effectively
on a team” and therefore all accredited engineering programs have to include
teamwork into their curriculum.

Teams are typically built by either letting students self-select their team
members or through the instructor ([3]). Teacher-assigned student teams are
either randomly grouped, or a selection mechanism including well-studied
criteria such as the students’ educational performance, demographic charac-
teristics, gender, etc. is applied ([4]).

The interdisciplinary work presented in this paper integrates knowledge of
class social network structures into the process of assigning students to project
teams. The developed approach, by contrast, directly fosters the generation of
new connections between students. To this end, students are preferably com-
bined with students that do not know each other well. As a result, individuals
benefit from being on a diverse team, improving their ad-hoc collabora-
tion skills, and potentially expanding their networks. Our approach aims at
providing opportunities to connect with classmates and establish fruitful rela-
tionships. Collaborations that only last for the duration of the project are
certainly possible – a decision that the students must make themselves. We
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believe that the instructor is responsible for using the variant that best fits
their pedagogical need for a given course. For example, in an introductory
course, the objective could be to purely expand the students’ social network,
so students get to know each other to help develop relationships. For a cap-
stone/senior project, grouping students that already know each other (Section
4.3.4) or balancing teams (Section 4.3.2) might be preferable.

We suggest a multi-step method that captures existing ties in a class first.
This initial social network is modeled by assuming two nodes–representing
two students–are connected if the students know each other. In a second step,
a mathematical optimization model is used to group students with the goal
of maximizing the potential for new ties. The proposed intervention aims at
maximizing ties for one-mode sociocentric social networks in group settings.
Finally, we carefully compare a snapshot of the post-project social network to
the pre-project social network.

The approach can be combined with classical grouping preferences or
requirements, and, to a certain extent, it includes a randomized component.
Furthermore, it can be used in non-educational environments when forming,
for example, sports teams, committees, task forces, or roommates. A compre-
hensive team assignment procedure spanning the collection of social network
data, the solution of the mathematical problem, and the visual presentation
of all steps in order to engage the students are developed and presented.
We describe how to mathematically formulate the underlying combinatorial
problem, and employ integer programming to obtain optimal solutions. Fur-
thermore, for the sake of instructor friendliness, we show how the techniques
can be carried out solely using spreadsheets and freely available mathemati-
cal programming solver plugins. Our procedure can be partially automated,
while still being very flexible with respect to instructor, student, and project
characteristics.

We report concepts and findings from a two-year research project including
the practical implementation and analysis of the new method. To evaluate our
new method we performed a case study using real-life data from 10 college-
level courses. We explore both, the potential theoretical network growth and
the actual network evolution. In contrast to existing team formation studies,
we carefully analyze the impact of multiple grouping strategies in dynamic
real-world social networks. Besides cliques and independent subgroups, we
quantify network density, components and diameter. Additionally, we simu-
late alternative assignment methods (self-assigned, instructor-assigned) using
the collected data. Corresponding student surveys prove that the method is
well-received in class.

The research hypothesis is that creating project teams while avoiding
pre-existing intra-team connections between students significantly increases
the density of the in-class social network. Our main contributions can be
summarized as follows.

� We present a novel model for assigning students to teams based on social
network analysis, and describe extensions and hybridization techniques.
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� We elaborate an effective mathematical optimization framework that can
be applied using spreadsheets.

� We conducted an empirical study and present the impact of our approach,
using data from more than 250 students in 10 industrial engineering
classes over the course of one year, in both face-to-face and virtual
settings.

� We analyze and compare related assignment methods such as random,
self, and clique-oriented to the optimized assignment method.

An overview of related work in the scientific literature is given in Section 2.
The used concepts from social network analysis and our data collection method
are described in Section 3. We explain the optimization approach including
the mathematical formulation and possible model extensions in Section 4.
The empirical study and its results are described in Section 5, followed by a
summary of our findings in Section 6.

2 Related Literature

In this section, we provide an overview of work that overlaps with our inter-
disciplinary research topic. We describe relevant literature in the following
categories: optimization-based approaches, single-team formation problems,
educational grouping aspects, classroom social networks, and classroom man-
agement.

The rich applications of operations research in education have already been
outlined as early as in the 60s by [5]. To assign students to teams, several
models that do not consider the student ties have been developed, typically
focusing on student preferences and features with the goal of optimizing team
configurations. [6] suggests the incorporation of student preferences with the
objective of optimizing the worst case preference fulfillment. The problem
of creating groups of maximal diversity has been tackled by several authors
using heuristics (e.g., [7], [8], [8], [9]). [10] reports results from 4 graduate-level
design project classes with a special focus on allowing additional instructor
side requirements. Web-based systems to support instructors in practice are,
for example, suggested and evaluated in [11]. The focus in [12] is to maximize
team heterogeneity regarding arbitrary student factors such as skills sets and
cognitive profiles using two nature-inspired heuristics. Similarly, [13] study the
problem of forming online learning communities with high student compatibil-
ity. Diverse, recurring MBA student grouping using local search techniques is a
suggestion by [14]. Note that, in contrast to our exact approach, no guarantee
is provided for the quality of the team formation with respect to the prede-
fined goals. Exact methods for a variant of the maximal diversity assignment
problem are considered by [15] and [16]. Utilizing Constraint Programming,
[17] optimize student-to-team assignments under temporal student availabil-
ity constraints. Contrary to the approaches above, we do not consider student
features other than connections. The team configurations regarding student
features can be interpreted as random once the combination of non-connected
students is maximized.
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To the best of our knowledge, no work has been done on explicitly inte-
grating the students’ networks into model-based team assignments. Only [18]
aims at exposing students to as many classmates as possible. In an iterative
optimization-based procedure, students are sequentially assigned to multi-
ple short-term projects during the term. The overall objective integrates the
maximization of different team members that students work with and the
minimization of intra-team GPA variance. and In contrast to our approach,
the model does not explicitly take into account the underlying social net-
work by allowing collaboration between students who already know each other,
but creates teams that combine students on teams differently regarding prior
groupings.

The problem of forming one single strong team online in a social network
has been studied with various objectives. Team member compatibility and
skill composition are relevant factors ([19]). Two potential team members are
typically presumed to be compatible, when they are capable of communicating
efficiently based on their existing relationship. The identification of a team
with a suitable leader has been considered by [20]. Multiple optimized teams
with respect to sociometric factors and skill requirements are sought by [21]
using exact and heuristic methods. A related approach is described by [22] who
heuristically partition college classes into teams based on student preferences
to work with classmates, and positive student feedback is reported.

Group work is generally seen as a powerful representative collaborative
learning technique ([23]). [24] performed a meta-analysis on the effects of small-
group learning on student achievement, persistence, and attitudes in classes
in undergraduate science, mathematics, engineering, and technology (STEM).
Their conclusion regarding student achievement is that students who “learn
in small groups generally demonstrate greater academic achievement, express
more favorable attitudes toward learning, and persist through [STEM] courses
or programs to a greater extent than their more traditionally taught coun-
terparts”, and that “the effects are relatively large in research on educational
innovation and have a great deal of practical significance”. They also report
equally positive increases in academic performance for women and men, STEM
majors and nonmajors, first-year and other students when participating in
collaborative learning. In addition, “the positive effects of small-group learn-
ing were significantly greater for members of underrepresented groups.” [25]
conducted a systematic review of 2,506 published and unpublished citations
of cooperative learning in secondary (the last years of high school) and early
postsecondary science classrooms (community colleges and the first two years
of college and university instruction) published between 1995 and 2007. Thirty
of these studies met his criteria for inclusion in the meta-analysis he pre-
sented. They conclude that “the results [...] indicate that cooperative learning
improves student achievement in science. [...] If the intervention was structured
in a particular fashion, the effect on student achievement was greater than that
for an unstructured intervention”. Over 500 courses in computer science and
engineering are examined by [26] to determine the positive effects of teamwork
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on student learning. They conclude that students working in teams—compared
to students working individually—are significantly more likely to agree that
the course had achieved its stated learning objectives. Project work is seen
as an important method in inductive teaching ([27]) and exposing students to
team projects improves the attitude towards working in teams ([28]). Teams
can work effectively in virtual settings as well ([29]). Self- and peer evaluation
of teams is discussed in detail in [30]. We note that study program accredi-
tation guidelines such as ABET require students to demonstrate “an ability
to function effectively on a team whose members together provide leadership,
create a collaborative and inclusive environment, establish goals, plan tasks,
and meet objectives” (Criterion 3).

As described above, there is general agreement that cooperative learn-
ing, collaborative learning, and team-based learning are effective pedagogical
approaches to increase student learning. These approaches have in common
that they use student teams ([31]). Grouping of students is the first step in initi-
ating any type of cooperative, collaborative or team work. There are three main
methods instructors use to assign students to teams: self-selection, instruc-
tor formed and randomly assigned. Self-selection can lead to a better team
experience by students, better group dynamics and perceived better learning
([32], [33], [34], [35]). Research shows that instructor formed teams can also
perform well ([36], [37], [38]). Randomly assigning students to teams is often
used for expediency of short-term team assignments and tends to create worse
team experiences compared to self-selected teams ([32]). The group formation
problem has also been studied in Mobile Computer Supported Collaborative
Learning (MCSCL) environments. An overview of related work can be found
in [39]. None of the aforementioned grouping methods optimizes the grouping
of students based on maximizing their social network connections.

Class social networks have been studied in the literature without con-
nection to project teams. The dynamics of social networks in undergraduate
cohorts is studied by [40]. The goal of their study was to measure the mul-
tidimensional and dynamic aspects of social networks between students and
to add data to a growing and diverse group of educational network studies.
On the basis of a comprehensive literature review, [41] provide an overview of
the role that social networks play in students’ learning experiences, the con-
struction of students’ social networks, the evolution of these networks, and
their effects on students’ learning experiences in a university setting. Their
conclusion shows more research is required to better understand the role of
social learning presence on student satisfaction, student motivation and other
attitudinal factors.

The problem considered is related to the assignment of classroom seats,
an important factor in classroom management. Although there does not seem
to be work on the networking effects of seating arrangements, they impact
student ties, and connections could also be used to assign seats in turn. In [42],
the authors report a student-chosen seating order which doubles the overall
disruptive behavior in a class compared to when the instructor assigns seats.
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Similarly, it is known that the seating arrangement has a positive impact on
the number of questions asked by students ([43]).

3 The Class Social Network

Our novel grouping approach considers a social network that mirrors con-
nections between students in a class. In this section, we review the relevant
concepts from social network analysis, clearly define the type of tie which we
are interested in, and describe how we efficiently collect the corresponding
student data.

Social networks describe social interactions and, more generally, personal
relationships between individuals. Examples of relationships are numerous,
including friendship, shared interests, geographical proximity, and relatives. In
social network analysis, abstract network structures are implemented to model
and analyze the complex real-world system that consists of these connections.
Properties of interest are typically related to connectivity within the network,
and subgroups of individuals with common characteristics. In such a network
model, individuals are represented by nodes. A relationship between two indi-
viduals is associated with an edge, or tie, that connects the corresponding
nodes. The resulting network is also called a graph. It is considered symmetric
when the relationship is symmetric—the two connected persons are mutually
experiencing the considered relationship. Real-world networks that represent
friendships between individuals are typically asymmetric ([44],[45]). However,
we model the class network using an undirected network, which can be moti-
vated as follows. Class network data is naturally collected in a directed form
since ties are surveyed egocentrically. There are two ways to interpret asym-
metric connections. One can drop one-sided connections, assuming that the tie
might not be sufficiently strong. We decided to complement the network by
adding the reverse connection, resulting in a symmetric relationship. On the
one hand, we presume that one student indicating a tie is a good enough sign
for meaningful prior interaction. On the other hand, we believe that we batter
account for connections that were accidentally overseen by respondents, and
incomplete survey data due to poor participation. Nevertheless, we will present
results from the analysis of potential new ties for both cases, the asymmetric
one and the symmetric one to better understand the symmetrization impact.

In this work, we consider dynamic networks in which student ties contin-
uously change over the course period. We focus on two temporal points for
network analysis: The pre-class state and the post class state. Edges may be
created, crash, and recover, whereas nodes are considered permanent. This
snapshot-based analysis of the network evolution is carried out by studying
two static networks ([46]). In contrast to studies that aim at capturing the
continuous network evolution ([47, 48]) or long-term trends ([49, 50]), we are
specifically interested in discrete changes over time. In fact, we conduct an
exploratory comparison of the initial pre-project class social network and the
post-project social network.
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For an introduction to social networks and their analysis, we refer to [51].
The following example illustrates a class social network.

Example

Consider the social network depicted in Figure 1 (left). The 9 nodes correspond
to individuals Anna, Amit, Fleur, Diego, Haru, Kurt, Maria, Paul, and Ying.
The nodes are connected via 12 (symmetric) edges. In this example, the node
degrees are: 1 (Anna), 4 (Amit), 1 (Fleur), 3 (Diego), 3 (Haru), 2 (Kurt), 4
(Maria), 2 (Paul), and 3 (Ying).

Fig. 1 An example for a class social network with 9 nodes and 12 edges (left), the corre-
sponding survey form filled out by student Maria (center), and the complete survey data
resulting in the adjacency matrix (right).

As described above, every student in the class is represented by a node in
the network. The definition of what constitutes a relationship between students
is essential for the data acquisition and interpretation of results. We model
the class social network using a relationship between two individuals which is
based on either personal nature, or prior in-depth school-related interaction,
on or off campus. Ties emerging from notable direct communication are of
interest in our study since our intention is to identify connections that are
beyond loose contact. In order to capture the class social network and its
evolution, a survey is given to students in each course twice per term: Once at
the beginning, and once at the end of the term. Students are asked to provide
binary information about their ties to classmates. The survey explicitly states
the following instructions: “Please insert an X for the people that you know.
Knowing someone means to have worked with the person or have repeatedly
interacted with this person beyond surface-level.”

To illustrate the data collection process, let us consider the hypothetical
class shown in Figure 1. Each student fills out the survey at the beginning of the
term. Figure 1 (center) shows how Maria filled out the form. Maria indicated
she knows four students in the class: Amit, Paul, Kurt and Ying. All indi-
vidual survey responses are consolidated into the so-called adjacency matrix
depicted in Figure 1 (right), which encodes the entire network. A graphical
representation of the connections between students is shown in Figure 1 (left).
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In our empirical study, we shared the anonymized data after the first survey
in the form of a network diagram with the class to motivate student participa-
tion. An example of a class social network graphical representation from one
of our investigated classes can be found in the appendix.

4 Optimizing Team Assignments

In this section, we present the optimization approach we used to optimally
assign students to teams. We apply this technique to the social network which
is obtained through the data collection described in Section 3. In Section 4.1,
we first develop the core mathematical model and show how it can be applied
to the classroom setting. This model is used in our empirical study in Section 5.
A discussion of a model variant that delivers more accurate results in the case
of very dense class social networks is presented in Section 4.2. Further model
extensions and variants of practical relevance are elaborated in Section 4.3.

4.1 Mathematical Model

We introduce the optimal student assignment problem (OSAP), which asks
for an assignment of each student to precisely one team, while respecting the
desired team sizes, and minimizing the existing intra-team connections. The
problem is closely related to the classical assignment problem (AP), with uni-
form assignment weights, which can be solved efficiently by the Hungarian
method as presented by [52]. In the AP, a number of so-called agents (our stu-
dents) need to be uniquely assigned to given tasks. The tasks can be interpreted
as the various places across all teams that a student can be assigned to. The
objective in the AP is to minimize pre-defined assignment costs, whereas the
objective in the OSAP considers the overall number of existing ties within the
teams. The considered variant is significantly harder than the simple assign-
ment problem as a result of the additional ties that depend on the actual team
composition. For an overview of assignment problems we refer to [53]. More-
over, the OSAP can be seen as a variant of the bin-packing problems under
conflict constraints ([54]). For the latter, the social network can be seen as the
conflict graph—the individual ties are the conflicts—and the teams represent
the bins that items can be packed into. Research on this class of problems goes
back to [55] who considered the special case of a single bin where not all items
need to be assigned. The OSAP is NP-hard, since it could be used to deter-
mine whether a graph can be colored with a given number of colors otherwise.
That is, no efficient algorithm is expected to exist, and not even computers
will be able to solve larger problem instances to optimality.

Solving an instance of the considered OSAP to optimality by hand is only
possible for very small student classes. Therefore, we model the student assign-
ments and the social network using integer programming (IP). We decided to
use an IP approach since preliminary experiments showed that a state-of-the-
art solver can efficiently handle OSAPs of realistic sizes in our program. For
larger student numbers, for example, in a massive open online course (MOOC),
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a heuristic approach might scale better. For a thorough discussion on integer
programming, we refer to [56].

In the following, we present an IP formulation for the OSAP. For a class
social network with node set N and edge set E, let M = {1, 2, ...,m} be the
set of desired teams. The minimal team size of team k ∈ M is denoted by uk
and its maximal size is denoted by ok, respectively (0 ≤ uk ≤ ok ≤ |N |). Note
that in the case of fixed team sizes, we have uk = ok ∀k ∈ M . If we require
regular team sizes, then uk = uk′ = ok = ok′ ∀k, k′ ∈ M holds. To model
the potential assignment of a node i ∈ N to a team k ∈ M , we use a binary
assignment variable xi,k. Its possible values are interpreted as follows.

xi,k =

{
0 if node i is not assigned to team k

1 if node i is assigned to team k

Additionally, we introduce a binary conflict variable yi,j for every existing tie
{i, j} ∈ E, such that:

yi,j =

{
0 if nodes i and j are not assigned to the same team

1 if nodes i and j are assigned to the same team

Then the problem of assigning all nodes to teams of appropriate sizes while
minimizing the number of existing intra-team ties can be formulated as the
following integer program.

(F ) Minimize
∑

{i,j}∈E

yi,j

(1)

Subject to
∑
k∈M

xi,k = 1 ∀i ∈ N,

(2)

uk ≤
∑
i∈N

xi,k ≤ ok ∀k ∈M, (3)

xi,k + xj,k ≤ yi,j + 1 ∀{i, j} ∈ E, k ∈M, (4)

xi,k ∈ {0, 1} ∀i ∈ N, k ∈M, (5)

yi,j ∈ {0, 1} ∀i, j ∈ N. (6)

Objective function (1) minimizes the number of conflicts that are detected,
which is measured by summing over the conflict variables. Unique-assignment
constraints (2) assure that every student is assigned to exactly one team.
Inequality (3) forces the team sizes to be within the corresponding lower and
upper bounds. Variable-linking constraints (4) require conflict variable yi,j to
take a value of 1 if both students, i and j, are assigned to the same team. Note
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that in an optimized assignment, variables yi,j will be set to zero if possible,
since we are minimizing the sum of these variables. The sets of binary variables
are defined in (5) and (6).

For our example class from Section 3, we assume that M = {1, 2, 3}, and
that all teams have precisely three members; i.e., uk = ok = 3 ∀k ∈ M . The
corresponding complete IP formulation (F ) is provided in the appendix. An
optimal student assignment is depicted in Figure 2 (left). The minimal number

Fig. 2 An optimal team assignment for our 9-student example class (left) and the expected
social network expansion with 69% new ties (right).

of intra-team ties is achieved, and the objective function value equals zero. For
a given fixed group size σ and γ groups, the maximum number of intra-team
ties can be computed by γσ(σ − 1)/2. Assuming team members effectively
collaborate within the teams, the potential post-project social network is given
in Figure 2 (right). In this example, the number of ties increases from 13 to at
least 22 (169%), and the potential for new ties is 3*3*(3-1)/2=9.

4.2 The Dense Case

For social networks that are dense or have a particular complicated structure,
a certain amount of violations is unavoidable. In other words, some students
will know each other within the groups, even after optimizing the assignments.
Recall the approach described in Section 4.1 which focuses on the minimization
of the overall number of intra-team connections. This class-oriented goal can
be seen as a global strategy, and may result in an irregular distribution of an
inevitable number of existing ties among different teams. Hence, students in
some teams may not benefit from our idea, since they know most or even all
students within their team. Others, however, may get to know a maximum
number of peers. To demonstrate this, consider the optimal assignment for
another example class social network with 9 students and 21 ties as depicted in
Figure 3 (left). The optimal assignment found using formulation (F ) contains 3
intra-team conflicts, all occurring in team 2. Neither Astrid, Ottilie nor Mario
will be exposed to students that they do not know yet—they form a so-called
clique. On the other hand, the alternative optimal assignment illustrated in
Figure 3 (right) seems favorable because the three inevitable conflict violations
are spread over different teams. Consequently, every student gets to know at
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least one other student. However, there is no incentive provided in formulation
(F ) to return such a conflict-balanced assignment.

Fig. 3 Optimal team assignments with minimal overall intra-team conflicts (left) and
minimized maximal intra-team conflicts over all teams (right).

To overcome this weakness of formulation (F ), we describe a model variant
that aims at minimizing the maximum number of conflict violations across
all teams. Formulating this model variant requires a more detailed encoding
of the team assignments to account for the resulting min-max type objective.
To this end, we first introduce the following alternative set of binary conflict
variables that are team-dependent, for nodes i, j ∈ N and team k ∈M .

yki,j =

{
0 if nodes i and j are not both assigned to team k

1 if nodes i and j are both assigned to team k

In addition, we define an integer variable z ≥ 0 that is used to represent the
maximum over the sums of conflicts in the individual teams. The min-max
version of the OSAP can then be formulated as the following integer program.

(F ′) Minimize z (7)

Subject to (2), (3), (5)

xi,k + xj,k ≤ yki,j + 1 ∀{i, j} ∈ E, k ∈M, (8)∑
{i,j}∈E

yki,j ≤ z ∀k ∈M, (9)

yki,j ∈ {0, 1} ∀i, j ∈ N, k ∈M, (10)

z ∈ {0, 1, ..., |E|}. (11)

The objective function (7) minimizes the maximal intra-team violation rep-
resented by variable z. Constraints (2), (3), and variables (5) are inherited
from formulation (F ). Inequality (8), which links assignment and intra-team
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conflict variables, is an adaptation of Inequality (4) in formulation (F ). Vari-
able z is forced to equal at least the maximum number of violations in the
teams in linking it with Inequality (9). The new variables are defined in (10)
and (11). Note that an optimal assignment found by formulation (F ′) may
have an increased number of overall intra-team conflicts, compared to optimiz-
ing using F . Not all these intra-team ties are necessary, and their elimination
can be achieved by exchanging objective (7) with the following function.

Minimize z +
1

|M |+ 1

∑
{i,j}∈E,k∈M

yki,j (12)

Objective (12) implements a ranked optimization of the objectives from for-
mulation (F ) and (F ′). It prioritizes minimizing the maximum intra-team
violations and considers the minimization of the overall conflicts as secondary
objective. Formulation (F ′) is larger in terms of number of variables. In our
empirical study in Section 5, we use formulation (F ) since optimally assigned
teams without violations can be found for all classes.

4.3 Model Extensions and Variants

The model presented above may serve as a base model that can be extended
to satisfy additional practical requirements. Finally, it is the instructor’s
freedom and responsibility to adjust the assignment model in order to accom-
modate student needs and other factors. In this section, we present a broad
set of features allowing for flexible hybridization of the core social-network-
oriented approach. Using these modifications, instructors can, for example,
force the assignment of selected students to specific teams, or let students par-
tially assign themselves to teams. Moreover, the integration of the different
modifications into the mathematical formulation (F ) is described.

4.3.1 Pre-Assigning Students

Probably the most intuitive side constraint is that a student i ∈ N must be
assigned to a team k ∈ M . This can be motivated by the case that project
topics are predefined and the participation of student i in the corresponding
team k is crucial, or the student strongly prefers to work on this particular
project topic. We can accommodate this requirement by fixing the correspond-
ing assignment via the addition of the constraint xi,k = 1 to the integer
program.

4.3.2 Balancing Teams

Team project requirements may necessitate that a certain number of team-
mates hold specific attributes. These could stem from a desired team compo-
sition with respect to the students (e.g., study major, required skills, personal
background, gender, etc.). Say, team k ∈ M requires at least l students fulfill
a certain property Π, and let Π(N) ⊆ N denote all eligible students. Then the
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following constraint guarantees that at least l eligible students are assigned
accordingly, and allows the hybridization of our approach.∑

i∈Π(N)

xi,k ≥ l (13)

Note that Inequality (13) can also be used by setting the number of allowed
students to u on the right hand side of the equation and changing the relation-
ship to less than or equal to. Applying such a hard constraint to each team
supports globally balanced teams.

4.3.3 Forcing Teammates

In some cases, two or more students are required to be on the same team. This
can be due to the nature of the project (e.g., industry collaboration, senior
design project) or special student-related circumstances (e.g., students’ loca-
tion). In addition, some students may be allowed to self-select their teammates,
leading to a hybrid model. Say, students i and j have to be teammates, then
the addition of the following constraints ensures this.

xi,k +
∑

k′∈M :k′ 6=k

xj,k′ ≤ 1 ∀k ∈M (14)

Inequality (14) implies that if student i is assigned to a team k, then student
j must not be assigned to any other team. Hence, they have to be on the same
team. Note that when multiple students need to be on the same team, this can
be enforced by adding all corresponding pairwise constraints.

4.3.4 Averting Teammates

Instructors may want to offer students the opportunity to indicate if they don’t
want to be with a particular student or students on a team before teams are
assigned. Similarly, instructors may want to avoid pairing certain students for
various reasons. This leads to the opposite of forcing teammates, as suggested
in Section 4.3.3. Consider students i and j who should not be on the same
team. This can be achieved by adding the following constraints to formulation
(F ).

xi,k + xj,k ≤ 1 ∀k ∈M (15)

4.3.5 Maximizing Intra-Team Ties

For projects that are time-critical, the initial setup cost of getting to know each
other might hinder the students from accomplishing the project goals in time.
In this case, an optimization approach which is contrary to our main idea can
be implemented allowing students to start working effectively immediately. We
can minimize the time spent for getting to know each other by maximizing
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the existing ties within the teams—in other words, teams are formed with as
many students that already know each other as possible.

The objective contrary to objective (1) in formulation (F ) is the maximiza-
tion of ties in the formed teams. For specific projects that require the team
members to know each other, this approach may be well-suited. This can be
done by replacing Inequality (4) in formulation (F ) by the following inequality.

xi,k + xj,k ≤ yi,j + 1 ∀{i, j} /∈ E, k ∈M (16)

Note that in Inequality (16), variables yi,j are interpreted in a reverse way.
In other words, a conflict is observed if two team members do not know each
other. We will evaluate this alternative objective in our empirical study in
Section 5.

5 Results and Analysis

To demonstrate the effectiveness of the introduced OSAP model, a case study is
presented using real-life data from 10 college-level courses. In the following, we
first describe the used data set (Section 5.1), and discuss participation-related
properties of the survey outcomes (Section 5.2). Our main results on grouping
methods potentials and practical impact are analyzed in Sections 5.3-5.5. We
close this section with a summary of the student perception in Section 5.6.

Our intention is to emphasize the practical applicability of our method. In
contrast to customized implementations for related student assignment prob-
lems (see Section 2), we fully carried out the team planning in the 10 classes
using a spreadsheet-based model1 using the freely available OpenSolver plug-
in2. In our experiments, we found out our problems could not be solved to
optimality using the default open-source solver COIN-OR CBC within a rea-
sonable time. To overcome this, we used the commercial IP solver Gurobi3

under an academic license.

5.1 Class Data

We use real data from 10 sections (A-J) of four different industrial engineering
courses over a period of four terms. Our study includes 253 surveyed students
and 77 formed student teams. The detailed class data is given in Table 1. Four
classes (A-D) were held as face-to-face classes, and six classes (E-J) were taught
virtually in a synchronous mode. In six courses, we implemented our new
optimization grouping method (OPT), and students in the other four courses
were allowed to self-select (SELF) into teams yielding our control set which
we use for the evaluation of the overall impact. The courses included in our
case study are Operations Research II (IME 305), Manufacturing Automation
(IME 356), Simulation (IME 420), and Advanced Operations Research (IME

1The template spreadsheet is available from the authors upon request.
2www.opensolver.org
3www.gurobi.com

www.opensolver.org
www.gurobi.com
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541). The number of students in each class is given in column n. The response
rates at the beginning and at the end of the term can be found in column RR0

and column RR1, respectively. The group size ranges from 2 (column smin) to
5 (column smax) students, and is 3.3 students on average (column savg).

Table 1 Classes used in our case study including properties, social network survey
response rates, and grouping method.

# Term Course Class Mode n RR0 RR1 #Groups smin savg smax Method

A 1 IME 420 Face-To-Face 31 100.0 87.1 8 3 3.9 4 OPT
B 2 IME 420 Face-To-Face 26 100.0 100.0 7 3 3.7 4 OPT
C 2 IME 305 Face-To-Face 28 85.7 71.4 10 2 2.8 3 SELF
D 2 IME 305 Face-To-Face 30 76.7 86.7 10 3 3.0 3 OPT
E 3 IME 420 Virtual 28 100.0 85.7 7 4 4.0 4 SELF
F 3 IME 420 Virtual 25 100.0 84.0 7 3 3.6 4 OPT
G 3 IME 356 Virtual 20 70.0 55.0 10 2 2.0 2 OPT
H 3 IME 541 Virtual 9 100.0 66.7 4 2 2.3 3 SELF
I 4 IME 420 Virtual 30 90.0 93.3 7 4 4.3 5 SELF
J 4 IME 305 Virtual 26 92.3 92.3 7 3 3.9 4 OPT

All 253 91.5 82.2 77 2 3.3 5

5.2 Participation, Incomplete Data, and Asymmetry

Students voluntarily provided their network data in our Institutional Review
Board (IRB) approved survey (see Section 3). We observed that the response
rates tend to be lower at the end of the term compared to the beginning of
the term. On average, the beginning of the term response rate was 91.5%, and
82.2% at the end of the term. Even though the average response rate is rela-
tively high (87%), some students may have refused, forgotten or didn’t have
the time to fill out the surveys. As a result, the network data is incomplete:
On the one hand, some existing ties may not be captured, on the other hand,
only one student of a connected pair may have indicated the tie. Further-
more, a student might not indicate a tie with a classmate intentionally even
though the other classmate does specify a tie. Both cases result in asymmet-
ric network information. To resolve this, we assume that a connection exists
between two individuals if at least one person indicates knowing the other per-
son. The number of ties that emanate from this symmetrization is illustrated
in Figure 4 (left). On average, about half of the symmetric ties are non-mutual.
In Figure 4 (right), we can see a reduced survey participation tends to increase
the observed asymmetric ties in the model.

5.3 Grouping Method Potentials

We are interested in comparing our optimized assignment method to two differ-
ent grouping approaches—random and self-select. The question is: How many
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Fig. 4 The relative number of asymmetric ties in pre-project (grey) and post-project (black)
class surveys for the ten different classes (left); response rates versus the asymmetric ties
(right).

ties can be created as a result of project collaboration compared to the the-
oretical maximum upper bound (UB) for the desired number of teams and
team sizes? For a single team of size k, at most k(k − 1)/2 new ties can be
established. The overall potential for a class is then obtained by summing up
this value for all teams. Note: We do not use the relative increase in overall
class ties with respect to the existing ties here. In addition, for this hypothet-
ical analysis of the potentials, only the initial class social network survey is
required. As a consequence, the resulting potentials are independent from the
teaching mode. The actual in-class social network growth rates are discussed
in Section 5.4.

We conducted a Monte-Carlo simulation to understand the potential
impact if random assignment would be used. For every class, we drew 100
samples of randomly assigned students to teams and evaluated the intra-
team potentials. The distributions of the overall potentials obtained from the
Monte-Carlo simulation are depicted in Figure 5.

Fig. 5 Grouping results from the Monte-Carlo simulation: The distributions of the relative
number of potential new ties from 100 randomly generated team formations for each class.

A trivial lower bound (LB) on the number of new ties is zero, which
could occur in the case of an extremely dense social network. To obtain a
practical lower bound on the potential which takes into account the existing
network, we conduct an additional optimization-based analysis. Contrary to
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optimizing for a minimum number of intra-team ties (see Section 4), we max-
imize the overall intra-team ties. This can be achieved by the following model
transformation. Instead of using all existing student ties, we use the comple-
mentary conflict set. In other words, add a conflict between student i and
student j if and only if i and j are not connected. Then we use formulation
(F ) to compute an assignment with maximum intra-team ties, and denote
this method as OPT(INVERSE) (see also Section 4.3.5). This approach could
also be described as clique-oriented. Furthermore, we include the optimized
assignment method (OPT), self-assignment (SELF), and random grouping
(RANDOM) in our analysis.

We illustrate the relative potentials for the different methods in Figure 6.
The average lower bound on the potential obtained through OPT(INVERESE)
is 21.1%. For the four classes in which we let students self-select (C,E,H,I),
we observe an average potential of 49.2%. Randomly assigning students to
teams yields a significantly higher potential of 71.5% on average. However, our
optimized team formation method increases the potential to an outstanding
98.3% on average. In most cases, we can even find teams without intra-team
ties at all.

Fig. 6 The relative potential (with respect to the theoretical maximum) for new ties using
the different grouping methods for the classes and the corresponding overall average values.

5.4 Grouping Impact Analysis

In the following, we present the impact of our optimization-based grouping
on the class social network by comparing the results to the cases where stu-
dents self-assign to teams (see Table 1 for used methods, OPT or SELF).
We first focus on the overall increase in ties, degrees and the correspond-
ing network density. A subgroup and connectivity analysis is presented in
Section 5.5. The summary of the grouping methods impacts is given in Table 2.
A notable increase in student ties is obtained when using our new method
compared to student self-assignment—more than 3.5 times the ties are created
when optimizing the teams (61.5% vs. 16.9%). There is a notable difference
when allowing students to choose their teammates when comparing the two
different teaching modes—Face-to-Face versus Virtual. New ties are dramat-
ically rare in the virtual setting (12.2% vs. 31%). This difference is reduced
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from 18.8 to 5.2 percentage points when assigning optimized teams (58.9% vs.
64.1%), demonstrating significant increases in student ties regardless of teach-
ing mode—33.1% increase for the investigated face-to-face courses and 46.7%
increase for virtual courses. The actual impact might be even higher as a result
of the survey response rates (see Section 5.2).

Table 2 The average relative increase in ties for different class modes (Face-to-Face and
Virtual) and team member assignment methods (Student Self-Assignment and Optimized
Assignment); the augmentation factor when optimizing for different instruction modes.

Increase of Student Ties (%) Factor

Mode SELF OPT

Face-to-Face 31.0 64.1 x2.1
Virtual 12.2 58.9 x4.8

All 16.9 61.5 x3.6

Student Degrees

The degree of a student node measures the number of direct connections to
class mates. The higher the degree, the better the student is embedded in
the class socially. We measured average student degrees before and after the
term and illustrate this data in Figure 7. It can be seen that the average
degree increased by 23% (6.5→8.0) in classes where students self-assigned.
Our optimized grouping helped to obtain a 62% increase in average degree
(6.1→9.9).

Fig. 7 The initially observed average degree (grey) and the increase (black) after the team
projects for the different classes and assignment methods (SELF: left; OPT: right).

Network Density

The density of a network relates the number of edges to the maximum possible
number of edges: 2|E|/(|N |(|N |−1)). Note that, for each new tie, two students
establish a new connection. The example network in Figure 1 (left) has a
density of 12/36 ≈ 0.33. As illustrated in Figure 8 (right), the average density
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doubled (0.2→0.4) in classes with optimized teams, whereas it only increased
by 33% when students self-assigned (0.3→0.4).

Fig. 8 The initially observed average density (grey) and the increase (black) after the team
projects for the different classes and assignment methods (SELF: left; OPT: right).

5.5 Network Subgroups, Components and Diameter

An important aspect of social network analysis is the identification of cohesive
subgroups. To better understand the effect of our grouping methodology, we
consider the following two well-known measures4 and compare the priori and
posteriori networks according to them (see also [51]).

Cliques

A clique is a sub-set of nodes where all nodes—and therefore all the represented
individuals—are connected to each other. The clique number measures the
size of a largest sub-group that is a clique. A high clique number can be seen
as an indicator of a strong community. Figure 9 (left) illustrates the changes
of clique numbers after finishing the team projects. For the self-assignment
courses the clique number increased (C, I), stayed the same (H), or decreased
(E). For the optimized assignments, the clique number stayed the same (F)
or increased (A, B, D, G, J). On average, an increase in the clique number of
19.6% is observed for optimized assignments, and an increase of 13.9% when
letting the student self-assign (17.3% total).

Independent Set

An independent set is a set of nodes for which there is no connection between
the corresponding individuals. The independence number counts the number
of nodes in a largest independent set in the network. Figure 9 (right) illustrates
the change of the independence number after finishing the team projects. On
average, a decrease of 34.3% in the independence number is observed for opti-
mized assignments, and an average decrease of only 11.8% is observed when
letting the student self-assign.

Furthermore, we are interested in how the studied grouping methods affect
network connectivity. The creation of new ties obviously decreases the number

4Computations are performed using the MAPLE Graph Theory package (www.maplesoft.com).

www.maplesoft.com
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Fig. 9 Change of maximum student clique size when letting students self-assign (SELF)
and optimizing (OPT) teams (left), and change of maximum independent student sub-set
when letting students self-assign and optimizing teams (right).

of individuals a message would have to go through in order to reach another
student. To quantify the corresponding impact, we use the following measures.

Connected Components

Two nodes in the network are connected if there is a set of ties that (indi-
rectly) connect them. Note that for some networks, there are nodes that are
not connected, directly or indirectly. A connected component is a sub-set of
nodes for which all nodes are connected. One self-assigned class and three opti-
mized classes—out of the 10 classes we studied—had an initially disconnected
network; i.e., more than one connected component. After the team project, all
networks in all classes studied were connected.

Diameter

The diameter of a network is a measure related to how fast information spreads.
Let us assume that we know the length of the shortest (indirect) connection
in the network for each pair of individuals. Then the diameter is the largest
of these distances. For disconnected networks the diameter is based on the
largest connected component. This invariant can be seen as a global measure to
quantify the worst case of efficient communication. In our study, we observed
initial class diameters ranging from 2 to 5, and 3.6 on average. In three cases,
the diameter was shortened by an average of 30%, but only when optimized
team assignments have been implemented.

5.6 Student Perception

The written student feedback regarding the students’ team experience was
largely positive. Note that our focus is on developing the assignment tool
and its quantitative analysis. However, we report selected comments from
the mandatory team project evaluations. There were no explicit negative
comments regarding the grouping method. Students were asked to “take a
few minutes to carefully evaluate each team member”, including themselves.
Additionally, an open-ended field, titled “Other comments (optional)” was
provided, not explicitly soliciting grouping-related feedback.
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� “One of the best teams of my IME [Industrial and Manufacturing
Engineering] experience.” [Class A]

� “This group is one of the most efficient and hardworking groups I have
ever been a part of in Cal Poly [California Polytechnic State University].
Everyone was attentive and supportive to everyone’s ideas and everyone
contributed an equal amount. No one was left with an unequal work-
load, which is a common thing that happens in group projects. Overall,
I am so pleased to end this quarter with two new friends and peers in IE
[Industrial Engineering].” [Class B]

� “It was a nice experience to work with others in my major that I have
never gotten the chance to work with before, even as a 4th Year Industrial
Engineering major (I thought I knew everyone in my year!). I applaud for
having that experience.”[Class B]

� “Really quite liked this group; for a bunch of people that did not know
each other, and in the case of XXX [name removed], came from rather
different places, we all got along well and had a surprisingly enjoyable
time considering how messy our simulation model was.” [Class A]

� “We overall did not work well as a group.” [Class A]
� “I truly feel that everyone did their fair share of the work. We had many

zoom meetings where we all collaborated and worked together. While I
was initially sad that the groups were assigned, it ended up working out
really well for our team. We worked very well together and I was glad to
meet some new classmates.” [Class E]

� “I really liked getting to work with new people!” [Class E]
� “I made three great friends throughout this project, thank you for a great

quarter professor!” [Class J]
As the comments indicate, students had a good team experience overall—
except for one comment from class A—and students noticed their social
network increased (e.g., “new friends”, “meet some new classmates”).

Even though we did not receive direct negative student feedback regarding
the grouping, we would like to point out that there are minimal risks for
students. In the case of not knowing anyone in the project group, students
might struggle to establish initial connections and feel intimidated. Moreover,
the time needed to get to know each other may prevent the team from working
effectively. The student comment indicating that their team “did not work
well” could stem such an issue.

6 Conclusion

We presented a new approach for assigning students to project teams. Our
overall goal is to maximize the students’ opportunities to get to know other
students through collaboration during class projects. To this end, we collected
information on the class social network before the team projects commenced
and grouped the students—using our new approach—such that the number
of preexisting ties between students in each team is minimal. We showed the
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underlying optimization problem is challenging, but it can be solved efficiently
by an integer linear programming method as presented. Several practical
model extensions were suggested allowing the integration of existing grouping
paradigms, as well as additional requirements emanating from instructor and
student preferences, or other limitations.

An empirical study was conducted including data from more than 250
students from 10 classes over one full calendar year—including both, vir-
tual and face-to-face teaching modes. We investigated the potentials for new
ties between students by comparing our optimized team compositions to
other grouping methods—random and self-select—and reported the achieved
increase in student ties at the end of the term.

Through a Monte-Carlo simulation study we found 30% more ties on aver-
age can be obtained by our approach compared to randomly assigning students
into teams. The comparison to the classes where students were allowed to
self-assign to teams demonstrates that our new method effectively doubles the
number of newly obtained ties—students got to know twice as many students.
In the post-project analysis, we were able to quantify the impact of the team
structures on the class social network. Through our method, we demonstrated
an increase of the number of ties by an impressive 62% compared to only 17%
when allowing students to self-assign to groups.

Students qualitative comments indicate students had a good team expe-
rience and students noticed that their social network increased by making
“new friends”. We believe that a qualitative study of the impact on student
performance and well-being could be an interesting future topic.

Our approach is not limited to educational settings but can also be applied
to various other settings including corporate operations, workshops, sports,
professional development courses, committees, and social events. In the con-
sidered college environment, we suggest the incorporation of social network
aspects of seating arrangements, seating assignments, and class section assign-
ments as future research directions. Additionally, it would be interesting to
study our team formation method for larger university classes.
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Appendix A Example for Mathematical
Formulation

The IP formulation (F ) for computing the 3 optimized teams in the example
class from Section 4.1 is given in an LP file format below. The formulation
contains 39 binary variables and 48 constraints. Note that Inequality (3) is
split into two inequalities to comply with standard LP notation for solvers.
/*Objective (1)*/

MINIMIZE y_{1,3} + y_{2,5} + y_{2,6} + y_{2,7} + y_{2,8} + y_{3,4} + y_{4,5} + y_{4,9}

+ y_{5,9} + y_{6,7} + y_{6,8} + y_{6,9}

SUBJECT TO

/*Equation (2)*/

x_{1,1} + x_{1,2} + x_{1,3} = 1
x_{2,1} + x_{2,2} + x_{2,3} = 1
x_{3,1} + x_{3,2} + x_{3,3} = 1

x_{4,1} + x_{4,2} + x_{4,3} = 1
x_{5,1} + x_{5,2} + x_{5,3} = 1
x_{6,1} + x_{6,2} + x_{6,3} = 1

x_{7,1} + x_{7,2} + x_{7,3} = 1
x_{8,1} + x_{8,2} + x_{8,3} = 1
x_{9,1} + x_{9,2} + x_{9,3} = 1

/*Inequality (3)*/

x_{1,1} + x_{2,1} + x_{3,1} + x_{4,1} + x_{5,1} + x_{6,1} + x_{7,1} + x_{8,1} + x_{9,1} >= 3
x_{1,2} + x_{2,2} + x_{3,2} + x_{4,2} + x_{5,2} + x_{6,2} + x_{7,1} + x_{8,1} + x_{9,1} >= 3
x_{1,3} + x_{2,3} + x_{3,3} + x_{4,3} + x_{5,3} + x_{6,3} + x_{7,3} + x_{8,3} + x_{9,3} >= 3

/*Inequality (3)*/

x_{1,1} + x_{2,1} + x_{3,1} + x_{4,1} + x_{5,1} + x_{6,1} + x_{7,1} + x_{8,1} + x_{9,1} <= 3
x_{1,2} + x_{2,2} + x_{3,2} + x_{4,2} + x_{5,2} + x_{6,2} + x_{7,1} + x_{8,1} + x_{9,1} <= 3
x_{1,3} + x_{2,3} + x_{3,3} + x_{4,3} + x_{5,3} + x_{6,3} + x_{7,3} + x_{8,3} + x_{9,3} <= 3

/*Inequality (4)*/

x_{1,1} + x_{3,1} <= y_{1,3} + 1
x_{2,1} + x_{5,1} <= y_{2,5} + 1
x_{2,1} + x_{6,1} <= y_{2,6} + 1
x_{2,1} + x_{7,1} <= y_{2,7} + 1
x_{2,1} + x_{8,1} <= y_{2,8} + 1
x_{3,1} + x_{4,1} <= y_{3,4} + 1
x_{4,1} + x_{5,1} <= y_{4,5} + 1
x_{4,1} + x_{9,1} <= y_{4,9} + 1
x_{5,1} + x_{9,1} <= y_{5,9} + 1
x_{6,1} + x_{7,1} <= y_{6,7} + 1
x_{6,1} + x_{8,1} <= y_{6,8} + 1

x_{1,2} + x_{3,2} <= y_{1,3} + 1
x_{2,2} + x_{5,2} <= y_{2,5} + 1
x_{2,2} + x_{6,2} <= y_{2,6} + 1
x_{2,2} + x_{7,2} <= y_{2,7} + 1
x_{2,2} + x_{8,2} <= y_{2,8} + 1
x_{3,2} + x_{4,2} <= y_{3,4} + 1
x_{4,2} + x_{5,2} <= y_{4,5} + 1
x_{4,2} + x_{9,2} <= y_{4,9} + 1
x_{5,2} + x_{9,2} <= y_{5,9} + 1
x_{6,2} + x_{7,2} <= y_{6,7} + 1
x_{6,2} + x_{8,2} <= y_{6,8} + 1

x_{1,3} + x_{3,3} <= y_{1,3} + 1
x_{2,3} + x_{5,3} <= y_{2,5} + 1
x_{2,3} + x_{6,3} <= y_{2,6} + 1
x_{2,3} + x_{7,3} <= y_{2,7} + 1
x_{2,3} + x_{8,3} <= y_{2,8} + 1
x_{3,3} + x_{4,3} <= y_{3,4} + 1
x_{4,3} + x_{5,3} <= y_{4,5} + 1
x_{4,3} + x_{9,3} <= y_{4,9} + 1
x_{5,3} + x_{9,3} <= y_{5,9} + 1
x_{6,3} + x_{7,3} <= y_{6,7} + 1
x_{6,3} + x_{8,3} <= y_{6,8} + 1

/*Variables (5)*/

bin x_{1,1}
bin x_{1,2}
bin x_{1,3}
bin x_{2,1}
bin x_{2,2}
bin x_{2,3}

bin x_{3,1}
bin x_{3,2}
bin x_{3,3}
bin x_{4,1}
bin x_{4,2}
bin x_{4,3}

bin x_{5,1}
bin x_{5,2}
bin x_{5,3}
bin x_{6,1}
bin x_{6,2}
bin x_{6,3}

bin x_{7,1}
bin x_{7,2}
bin x_{7,3}
bin x_{8,1}
bin x_{8,2}
bin x_{8,3}

bin x_{9,1}
bin x_{9,2}
bin x_{9,3}

/*Variables (6)*/

bin y_{1,3}
bin y_{2,5}
bin y_{2,6}

bin y_{2,7}
bin y_{2,8}
bin y_{3,4}

bin y_{4,5}
bin y_{4,9}
bin y_{5,9}

bin y_{6,7}
bin y_{6,8}
bin y_{6,9}
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Appendix B Example for Social Network and
Grouping Effect

An example class social network snapshots from our case study—before and
after the team project—with optimized team assignments (Class J, IME 305,
Operations Research II) is presented below. The number of ties among the 30
students increased from 57 to 108, as illustrated in Figure B1. In Figure B2, the
32 newly created intra-group ties (left) which presumably stem from project
interaction, and the 30 new ties that were established outside of the projects
(right) are depicted.

Fig. B1 The anonymized social network and the optimized grouping of 30 students in class
J before (left) and after the term (right), indicated by 7 different group colors.

Fig. B2 The 32 new intra-group ties (left) and the 30 generic new inter-group ties (right)
after the term, indicated by 7 different group colors.
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