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ABSTRACT

This study presents a two-phase binary-goal programming-based approach for solving a
novel system design project-team formation problem which involves several restrictions and
requirements as well as the preferences of the potential team members. The problem instance
considered in this study basically includes two types of allocations, as the allocations of students
and academic advisers, which are performed in the first and second phase of the proposed
solution approach, respectively. Although it represents a particular case as represented in this
study, it can be easily generalised to be used for solving similar project-team formation problems.
We implement our methodology on a real-life problem in an academic institution and compare
our solutions to the real-life allocations performed manually. It is noted that, in terms of satisfying
the goals of the problem, our approach significantly outperforms the real-life allocations. In
addition, computational results show our model’s ability to solve similar-sized real-life problems
in reasonable time periods on an average personal computer, implying its potential for significant
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savings in terms of the human resources available.

1. Introduction

An increasing number of undergraduate programs, es-
pecially the colleges of engineering, require their stu-
dents to take classes in which the students work on some
projects as teams before they graduate. The aim of this
type of classes, sometimes referred as senior projects
or (integrated) system design courses, is to provide
students an opportunity to work on a real-life problem
where they can not only utilise all the capabilities they
had gained during their undergraduate educations, but
also get some more experience about working in teams.

Such a project is usually performed as a team of sev-
eral students and academic advisers. Sometimes some
other people might also be in the team, such as the
advisers from the organisations where the projects are
to be implemented. We thus note that since such a
problem involves formation of project teams, it can also
be considered as a team formation problem of a specific
type, which, according to the best of our knowledge,
is not considered in previous studies in that context.
In a general team formation problem, several subsets
of different groups of people with various qualifica-
tions are combined together to form the best teams
possible. In the simplest case, it is required that each
team includes the minimum necessary qualifications.
It is, however, usually necessary to consider additional
constraints to form project teams as homogeneous as
possible, especially if the desired requirements for each
project are not explicitly defined. We can optimise these
constraints with an appropriate objective function to

minimise the occurrences of some undesired situations
(i.e., unbalanced groups etc.). Note that, these qualifica-
tions might be further classified as discrete (categorical)
or continuous (hierarchical) qualifications for which
the corresponding expertise, knowledge or skill levels
are represented with binary or continuous parameters,
respectively. In the first case (discrete or categorical
qualifications), people are assumed to be either no qual-
ified at all (zero) or perfectly qualified (one), whereas in
the second case (continuous or hierarchical qualifica-
tions), some values in between are possible (i.e., 50%)
to represent the corresponding expertise, knowledge
or skill level. We also note that it is quite likely to
cause infeasiblities in such a team formation problem by
increasing the number of qualifications or considering
additional constraints, in which case, a good solution
can be obtained by allowing some relaxations on the
constraints.

In this study, we consider a conceptually similar
problem to form the system design course project teams
of students and academic advisers (from now on, re-
ferred as advisers only). Since the real-life team forma-
tion is performed in two phases, in which the allocations
of students and advisers are performed, respectively,
we accordingly design our solution approach as a two-
phase allocation process to perform the corresponding
allocations.

In the first phase of our approach, students are al-
located to project teams. One of the most important
criteria considered in the allocations is the preferences
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of the students. Consideration of student preferences
is very important since the students are expected to
be more successful if they work on the projects they
are interested. In addition to the preferences of stu-
dents, there are also other criteria considered for the
allocation process, such as having an evenly distributed
average grade point average (GPA) across the teams,
the desired number of students and the other necessary
qualifications in each team. It is particularly important
to have balanced teams in terms of student qualifica-
tions for the sake of fairness. In other words, since all
teams are expected to work on projects requiring ap-
proximately similar experience, expertise or knowledge
levels (undergraduate senior projects), it is crucial that
all necessary qualifications are included in each team.
Note, however, that it might not always be possible to
do so due to the shortages of the necessary qualification
of potential team members. In such cases, it is aimed
at including all necessary qualifications in each team
as much as possible by distributing these qualifications
homogeneously among teams. Even if potential team
members are all qualified, using such a procedure re-
sults in perfect satisfaction of all qualifications by all
teams.

We perform the allocations of advisers to project
teams in the second phase in a similar fashion; that
is, considering the preferences of the advisers as well
as some other criteria details of which are explained
in the following pages. The overall solution approach
is illustrated in Figure 1. The problem data include
the list of projects with their short descriptions, pref-
erences of students and advisers for the projects, and
some student qualifications. Before we implement our
solution approach, problem data are pre-processed to
organise the preferences of students and advisers. This
pre-processing, as detailed in the following pages, is
necessary to obtain a consistent preference matrix. The
organised data are then used as the inputs of our goal
programming models of phase (i) and phase (ii) in
which the allocations of students and advisers are per-
formed, respectively. Note that, although we can model
and solve the problem in a single phase only, solving
it in two phases, as it is also performed in the real-
life team formation process, is preferable in terms of
computational issues, especially for larger-size prob-
lems. We illustrate our solution approach to form the
system design course project teams in an academic
institution and compare our solutions to the real-life
allocations. Note that an experienced person (from now
on, referred as the human expert) performs the real-life
allocations manually by considering several problem
criteria as explained in the Problem Context section of
the manuscript in more detail.

One of the most important issues in such a project-
team formation problem is about the fairness of allo-
cations. Although it is possible to consider different
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Figure 1. Overall solution approach.

approaches, we highlight two points in our team for-
mation process to ensure that the allocations are fair to
team members as the (i) homogeneity of teams and (ii)
preferences of potential team members are considered.
The homogeneity is important in such project-team
formation problems since each team is supposed to
be equally qualified to perform similar project tasks.
In other words, it is not desired to form some project
teams which are more qualified than the others. Simi-
larly, consideration of the preferences of potential team
members is also very important to help achieving fair-
ness in the allocation process. The remainder of the
paper is organised as follows. Section 2 summarises
previous studies on similar problems and presents a
brief introduction to goal programming. Section 3 gives
the details of the problem considered in this study.
Following Sections 4 and 5 defines the methodology
and presents the results, respectively. Section 5 includes
a brief discussion about solution efficiency, before we
present the concluding remarks in the final section
(Section 6) of our paper.

2. Literature review and research background

Although the project-team formation problem, as pre-
sented in this study, has not yet been considered in pre-
vious studies, according to the best of our knowledge,
it has some correspondences in the related literature as
shortly summarised in this section.

A simplified version of the problem considered in
this study is referred as the Student-Project Allocation
with Preferences (SPA-P) problem in which there is a
set of available projects offered by a set of professors
where each student has a preference over the projects



and each professor has a preference over the students.
Sometimes lower-upper bounds for the number of stu-
dents in a team and for the number of projects of a
professor. This version of the problem might be consid-
ered as a matching (two-side matching) problem where
the members of two disjoint sets are matched, such as
the students and professors in our case, with its roots
go back to the well-known Stable-Marriage Problem
(see Gale & Shapley, 1962; Gusfield & Irwing, 1989 for
details). Some efficient algorithms are presented for this
version of the problem in the literature as in Abraham,
Irwing and Manlove (2007). For instance, finding a
maximum stable matching is shown to be APX-hard,
however, a polynomial time approximation algorithm
is presented by Manlove and O’Malley (2008), and an
improvement for the lower and upper bounds for the
algorithm is given by Iwama, Miyazaki and Yanagisawa
(2012).

In addition to these studies, developing mathemat-
ical models for the simplified versions of the problem
considered in this study goes decades back. Proll (1972),
for instance, presents a binary-integer programming
model to assign projects to students. Another study
by Anwar and Bahaj (2003) extends the study of Proll
(1972) by considering additional problem parameters,
such as student disciplines. In a more recent study,
Agustin-Blas et al. (2011) adapt the machine-part cell
formation problem for team formation, develop a ge-
netic algorithm to solve the problem and apply their
approach on several problem instances one of which
is a real-life teaching group formation problem in a
university.

The project-team formation problem presented in
this study can be considered as an extended version
of such simpler problems, which, in addition to the
preferences of students and professors, requires the
consideration of several other criteria details of which
are explained in the following pages. Since such a prob-
lem involves the formation of project teams, it can also
be considered as a team formation problem of a spe-
cific type. A review of several general team formation
methods are summarised by Bacon et al. (2001), such as
random assignments and self-selection. In the problem
considered in this study, however, it is usually not pos-
sible to form project teams which perfectly satisfy all
(probably) conflicting criteria of the problem. It is thus
desired to find a solution which is feasible (does not
violate the hard constraints) and also fair to everyone
(satisfy the soft constraints as much as possible).

A final remark for the student-project team forma-
tion problem can be made from the perspective of edu-
cational sciences. We can refer to the studies of the field
for a more detailed discussion on how to form effective
student teams. The study of Oakley et al. (2004) defines
some guidelines on the topic. More recently, Borrego
et al. (2013) present a review where the authors con-
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sider the applying the team effectiveness theory from
industrial and organisational psychology for engineer-
ing student project teams. As we note in most team
formation problems, it might not be sufficient to con-
sider only quantitative qualifications to form successful
project teams. In other words, it might be necessary to
take some psychological criteria into account, such as
student characters, to ensure that they can successfully
work together (see Blowers, 2003; Huxham & Land,
2000 for details). Some studies also utilise social net-
work analysis for team formation as in Wi, Oh, Mun
and Jung (2009a) and Wi, Mun, Oh and Jung (2009b).
Even if all qualifications are quantitative, we can still
form project teams differently with respect to different
criteria, such as maximally diverse or evenly skilled
teams as in Hubscher (2010), which might constitute
another research problem for educational sciences.

From a more general perspective, we note that skilled-
workforce planning and scheduling studies are also
related to our problem since it involves the forma-
tion of teams each of which should include people
with particular skills or qualifications. The first type
of these problems require the corresponding skills to
be included in a team. In the problems of second type,
although it is not a requirement, it is desired to have
these skills in a team. In some other cases, a team of spe-
cialised workforce is necessary, such as the personnel
planning problems in the airline and railway industries.
(see Bengtsson et al., 2007; Yan & Chang, 2002 for
some examples). Another well-known problem in the
health sector is the nurse scheduling or nurse rostering
problem is about finding an optimal schedule subject
to some hard and soft constraints. A review on the
nurse rostering problem is presented in the study of
Cheang et al. (2003). The problem considered in this
study has some similarities to different types of skilled-
workforce problems. Some skills are required in each
team (i.e., the min-max number of students in each
team), whereas some others are desired (i.e., language
or programming skills) which are employed via the
hard and soft constraints, respectively. It is moreover
necessary to form a team of specialised workforce (i.e.,
a team of students and advisers with necessary skills
or qualifications). The interested reader can refer to
the studies of Ernst et al. (2004) and Van den Bergh,
Belien, De Bruecker, Demeulemeester and De Boeck
(2013) for comprehensive reviews of skilled-workforce
planning and scheduling problems.

We note that, for solving such problems, it is usu-
ally necessary to utilise some multi-criteria decision-
making (MCDM) methodology as the problems involve
more than one criterion. The problem considered in
this study, for instance, include several criteria, such
as satisfying the preferences of students and advisers,
including necessary qualifications in each team and
ensuring some level of fairness for students and advis-
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ers. In addition to its extensive use in many different
type of problems, we also note some studies utilis-
ing MCDM methodologies for project-team formation
with some similarities to the problem presented in this
study. Baykasoglu et al. (2007), for instance, consider
a project-team selection problem in business where a
fuzzy multi-objective model is used with two objectives
as sustainability and team size. In another study, Badri,
Davis and Davis (2001) present a binary-goal program
for project selection with six goals which are related to
the total benefits, costs (hardware, software and other),
risks and preferences. In another study, Meskens, Du-
vivier and Hanset (2013) consider a multi-objective op-
erating room scheduling problem with three objectives
as makespan, overtime and affinities where the authors
use constraint programming for solving the problem. In
the study of Azaiez and Al Sharif (2005), a binary-goal
programming model is presented for nurse scheduling
where the authors consider three type of objectives
which are classified as hospital objectives, ergonomic
considerations and nurse preferences.

We note that, just as the project-team formation
problem considered in this study, goal programming is
widely used for solving such MCDM problems with its
roots go back to the studies of Charnes et al. (1955) and
Charnes and Cooper (1957). Its extensive use in differ-
ent problems are presented in comprehensive reviews
of Ignizio (1978), Tamiz, Jones and Romero (1998) and
Aouniand Kettani (2001). A generic goal programming
formulation has an objective (achievement) function to
minimise,

minz = f(n, p), (1)

where n and p are vectors of negative and positive devi-
ational variables, respectively. The objective (achieve-
ment) function given by Equation 1 is minimised sub-
ject to the goal constraints, where each goal ¢ € Q has
an achieved value of g(x) on its underlying criterion,

gq(x) + Ng —pg = bq; Vg€ Q (2)

the other constraints to ensure the feasibility of the
solution represented by feasible space F

xeF 3)
and the non-negativity of deviational variables,
ng,pq =0, ¥q€Q (4)

We can define some variants of goal programming
with respect to distance metrics, such as the weighted
(Archimedean or non-pre-emptive), lexicographic (pre-
emptive) and min-max (Chebyshev) goal programming.
In a weighted or non-pre-emptive goal program, the
relative importance of each goal is determined with its
weight, as a result of which it can be solved as a single

objective mathematical program. A lexicographic or
pre-emptive goal programming model, on the other
hand, is more suitable for the cases where it is not pos-
sible (or desired) to determine the relative importance
of each goal, yielding extremely more or less impor-
tant goals to be considered. To solve a lexicographic
goal program, we can sequentially solve mathemati-
cal programs each with a single-objective starting with
that of the most important goal. The optimal objec-
tive function value is then used as a constraint in the
solution of the mathematical program with the next
most important goal. The solution procedure continues
until all objectives are optimised in the order of their
importance. The min-max or Chebyshev variant con-
siders the worst satisfied goal by minimising the maxi-
mal deviation from the goals. Some other variants can
also be defined, such as the fuzzy, integer/binary and
fractional goal programming. As their name suggest,
these variants are based on the variables and goals of
program rather than the distance metrics considered in
the model. For more details on these classifications, we
can refer to Jones & Tamiz (2010). Some new variants of
goal programming (i.e., extended, multi-choice, multi-
segment, meta, etc.) are also proposed more recently
by Romero (2001), Uria, Caballero, Ruiz and Romero
(2002), Chang (2007a, 2007b, 2008), Liao (2009), Lin,
Nagalingam and Lin (2009) and Chang (2011), increas-
ing the potential applicability of goal programming in
future studies.

3. Problem context

In this section, we present the details of the problem
considered in this study. Although it seems to represent
a case of an academic institution as presented in this
paper, it can be modified easily for a more general
implementation as well, since similar problems with
minor differences are quite common in most academic
institutions.

The problem considered in this study involves the
formation of the system design course project teams
of students and advisers. In particular, we explain the
case of an academic institution since it allows us to
illustrate the approach proposed in this study for a
comprehensive allocation process.

As depicted in Figure 2, we have two different inputs
for the problem; a set of available projects with their
requirements and a set of different types of persons
(i.e., students and advisers) with their qualifications
and preferences. Ideally, it is desired to have perfect
information to define the problem inputs (i.e., require-
ments and qualifications) clearly as much as possible. In
other words, in an ideal setting, all projects have clearly
defined requirements which are perfectly satisfied again
with clearly defined qualifications. We can then match
these requirements and qualifications for the alloca-
tions assuming that all requirements are satisfied with



the qualifications of the available persons. In addition
to the requirements and qualifications, persons might
have preferences over the projects, another important
issue to be considered during the team formation pro-
cess.

Although it is conceptually possible to clearly define
project requirements and corresponding qualifications,
in real-life it is not always very easy or practical to do
so, especially due to the lacking of a perfect matching
between the requirements and qualifications. As a re-
sult, by defining somehow more general requirements
and qualifications, the problem is usually transformed
to an easier or more practical form. In some cases, it is
simply desired to have all qualification in all teams. It is
also the case for the system design course project team
formation problem considered in this study.

Since it is not practical to define the requirements
for all projects and the corresponding qualifications
for all students, a more general project requirement-
student qualification setting is used by the institution as
shown in Figure 3 where all project teams are expected
to have all qualifications. We note that such a setting is
particularly applicable in cases where the projects and
persons represent a somehow homogeneous structures
with respect to their requirements and qualifications,
respectively. In our case, since all projects are system
design course projects and all students are senior-level
engineering students, the setting applied by the institu-
tion as presented in Figure 3 seems applicable.

Although the human expert uses experience rather
than a particularly defined method, the setting shown
in Figure 3 represents the criteria considered by the
human expert to perform the real-life allocations. In
fact, Figure 3 simply defines the relationships between
the skill determinants and skill consequences in our
case. As seen in Figure 3, there are three general project
requirements implying that each team expected to have
the capability of performing tasks about (i) engineer-
ing applications, (ii) computer applications, (iii) busi-
ness communication and literature review which are
assumed to be related to (i) GPA and computer pro-
gramming, (ii) computer programming, general soft-
ware and database and (iii) language skills, respectively.

As the real-life team formation is performed in two
phases, in which the allocations of students and advisers
are performed, respectively, we accordingly design our
solution approach as a two-phase allocation process to
perform the corresponding allocations.

In the first phase of the process, students are allo-
cated to project teams. There are several criteria con-
sidered in the allocations some of which are related
to the skills corresponding to the project requirements
as depicted in Figure 3 (i.e., GPA, computer program-
ming, general software, database and language skills).
There are also additional criteria representing the other
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Table 1. Problem data.

Data-set Number of students Number of advisers Number of projects
1 78 1" 23
2 50 1 18
3 70 12 25

general problem parameters such as the student prefer-
ences and the number of students in each team.

After students are allocated to projects, adviser allo-
cations are performed in the second phase. Since all
projects are performed as part of an undergraduate
(senior) level system design course, it seems reasonable
to assume that all advisers are capable of administrating
all projects. As a result, there are no skill determinant-
skill consequence relationships defined for advisers and
projects (i.e., research topics, classes etc.). We use sev-
eral other criteria for adviser allocations such as their
preferences and the number of teams each adviser ad-
ministrates. Note that the aforementioned problem cri-
teria of both phases used in developing the proposed so-
lution approach are exactly the ones considered by the
human expert in performing the real-life allocations.

We use three different data-sets each of which con-
tains the problem data for a particular year. A summary
on these data-sets are shown in Table 1. The problem
data include the list of projects with a short descrip-
tion and the required student skills for each project
(obtained from the organisations where the project is
to be implemented), the preferences of students and
advisers for the projects and student qualifications (ob-
tained from student and adviser questionnaires and
student transcripts). Before we implement our solution
approach, problem data are pre-processed to organ-
ise the preferences of students and advisers. This pre-
processing is necessary to obtain a consistent preference
matrix. The (4,j)th entry of the preference matrix of
students (and also advisers), let it be plgjs) (and pfja) for
advisers), simply shows the preference of student (ad-
viser) i for project j, a smaller number implying a higher
preference. Consider a student (say, student 1), for
instance, who indicates three preferences as pﬁ) =1,
p%) = 2and pfs) = 3; meaning that the student mostly
wants to work on the first project (a preference entry
of 1 for project 1), then the third project (a preference
entry of 2 for project 3), and then the fifth project (a
preference entry of 3 for project 5).

Note that, to be meaningful, none of the elements of
a preference matrix can be null, and yet, there are null
entries in the matrices because of the following two
reasons. The first one is about the different number
of preferences. Although all students and advisers are
asked to indicate a particular number of preferences,
say, from 1 to 5; some students and/or advisers might
not indicate that particular number of preferences of
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Figure 2. Project-team formation approach.

theirs. That is, while a student might enter her pref-
erences from 1 to 5, for instance, another one might
enter hers from 1 to 3 or from 1 to 10. Secondly, it
is not very practical to ask all students and advisers
to indicate their preferences for all projects from 1 to
the number of projects, especially when the number
of projects is relatively high. As a result, even if all
students and advisers indicate the correct number of
preferences of theirs, there are some null entries in the
preference matrices. To address this issue about the
inconsistencies in the preference matrices, we propose
the following expressions to update all of the null entries

in the matrices. In particular, by defining p;™* as
Py = max e}, i (5)
we update the null entries in the matrix as
Py =p ™1, Vi jip) =0 (6)
for students, and similarly, by defining p?™™** as
P = max {pf}, vi 7)
we update the null entries in the matrix as
P =P 1, Vi, = o (8)

for advisers. Note that, according to the expression in
Equation 6 and Equation 8, all the null entries of a
student or adviser are set as one plus the maximum
entry value for that particular student or adviser, con-
sidering the fact that the preference for a null entry
should be greater than the maximum entry value for
a person, or in other words, implying that the person’s
motivation for being in the team of the corresponding
project should be less than for the projects the person
indicates any preference. After updating the preference

Student Qualifications Project Requirements

Grade Point Average (GPA)

A\ 4

Engineering Applications

A

Computer Programming

Y

\ 4

General Software Computer Applications

A

DB Management Systems

Literature Review &
Communication

A\ 4

Language

Figure 3. Student qualifications - Project requirements
relationships.

matrices and organising the other data (i.e. tabulating
student skills etc.), they are used as the inputs for the
models defined in the following subsections.

4, Methodology

We present the details of the proposed solution ap-
proach in this section. Since the overall real-life prob-
lem involves a two-phase sequential-allocation process,
the problem considered in this study is also solved in
two phases in which the allocations of students and
advisers are performed, respectively, as detailed in the
following sub-sections.

4.1. Phase I: Student allocations

We have the following definitions for the first problem.

e i:studentindex,i=1,...,I;.
e j:projectindex,j=1,...,].



e k: preferenceindex,k =1,...,Ks <.

° plg-s): preference, (i, j)th entry of the matrix repre-
sents the preference of student i for project j.

e K(ij): a subset of the elements of index k whose
each element represents the preference of student
i for project j, K(;j) = {k | k= p(s)}.

e g;: GPA, ith entry of the vector represents the GPA
of student i.

e [;:language skills, ith entry of the vector represents
the language grade of student i.

e g}: computer programming skills, ith entry of the
binary-vector equals 1 if student i has necessary
computer programming skills and 0 otherwise.

e g7: general software skills, ith entry of the binary-
vector equals 1 if student i has necessary general
software skills 0 otherwise.

e g;: database skills, ith entry of the binary-vector
equals 1 if student i has necessary database skills
and 0 otherwise.

e Ng: desired number of students in a project team.

® Ng.min (Ns-max): allowed lower (upper) bound on
the number of students in a project team.

e Gr: desired average GPA in a project team.

e GT_min (GT-max): allowed lower (upper) bound on
the average GPA in a project team.

e L7: desired average language grade in a project
team.

We finally define the decision variables by letting
xl(sk) equal 1 if student i is allocated to project j that is
his/her kth choice and 0 otherwise. Our first set of hard
constraints requires that each student is allocated to a
project, and one project only.

] Ks
3 fj,j =1, Vi. )
k=1

j=1

After ensuring that each student is allocated to a
project, and one project only, we want to satisfy the
preferences of the students as much as possible via the
following set of soft constraints.

©) A :
Z > kxj ~ 1, Vi, (10)
j= lkEK(ZJ)

By defining the corresponding deviational variables
we can write

]
2D ket

]: EK(’J)

+dl”—dt=1, Vi (11)

where only the positive deviational variables are in-
cluded in the objective (achievement) function to max-
imise the satisfaction of the student preferences goal.
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The number of students allocated to a project team
should be Ns as expressed by the following set of con-
straints.

Is Ks

oY K A Ns, V. (12)

i=1 k=1

By adding the corresponding deviational variables,
it is rewritten as

Is Ks

RIS

i=1 k=1

_ dj2+ = Ns, Vj, (13)

where both the positive and negative deviational vari-
ables are included in the objective (achievement) func-
tion to maximise the satisfaction of the number of stu-
dents per team goal. Note that the above soft constraints
might not prevent the construction of the teams with
much less or much more members than N;. To do so, we
can write the following auxiliary set of hard constraints
to make sure that the number of students in a team is
between Ng.imin and Ng_max.

Is Ks
Ng_min < Z le(]sk) < NS-max Vj (14)
i=1 k=1

In addition to the soft constraints about the prefer-
ences and the number of students in a team, it is also
important to consider the distributions of the students
in terms of their qualifications so that either the qualifi-
cation levels of teams are not much different from each
other or each team is desired to have the minimum
qualification levels. One of these qualifications is GPA.
Itis desired to have an average GPA of Gt for each team,
that is approximately the average GPA of the class.

Is Kg Is Kg

Z Zg,-xfjslz — Z Z GTxl(Jsk) ~ 0, Vj. (15)

i=1 k=1 i=1 k=1

By adding the corresponding deviational variables,
we have

ZSZSG 9 4

i=1 k=1

Is  Ks
> Zg"xi(jslz d" =0, V),
i=1 k=1

(16)
where both the positive and negative deviational vari-
ables are included in the objective (achievement) func-
tion to maximise the satisfaction of the corresponding
student qualification (average GPA per team) goal. As
in case for the number of students in each team, we add
the supporting set of hard constraints to set limits for
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the average GPA as well.
Is Ks Is Ks
>3 Gra) =3 Y
i=1 k=1 i=1 k=1

(17)

I K.
< ES ES G X, vj
= T-max: ijk> 7.
i=1 k=1

Similarly, it is desired to have an average language
grade that is greater than or equal to Lt for each team.

Is Ks Is Ks

Zlel(Jsk) ZZLsz]k ~ 0, Vj.

i=1 k=1 i=1 k=1

(18)

Adding the corresponding deviational variables yields

Is Kg Is Kg

Xk () _ () 4— g4+ ;
E E X E E Lsz]k +dj dj =0, Vj,
i=1 k=1 i=1 k=1

(19)
where only the negative deviational variables are in-
cluded in the objective (achievement) function to max-
imise the satisfaction of the corresponding student qual-
ification (average language grade per team) goal. Note
that the average language grade per team is treated
differently from the average GPA per team goal since
the decision maker wants to balance the teams in terms
of their average GPA, whereas a minimum average
language grade is desired for each team. Similarly, we
can define other student qualifications expressed as
computer programming, general software and database
skills represented by the following sets of soft con-
straints. Note that, differently from GPA and language
grade (which are modelled as continuous or hierarchi-
cal skills), a binary or categorical skill-level represen-
tation is used for these qualifications. It is desired that
each team has the corresponding qualifications.

Is Ks

DD aix ~ L Vi,

i=1 k=1

(20)

Is Ks

DD g~ LY

i=1 k=1

21

S S
YooY @y~ L v

i=1 k=1

(22)

By adding the corresponding deviational variables,
we obtain the following sets of constraints

Is Kg
> > glx fj,j +d T —dt =1V, (23
i=1 k=1
S S
YooY g +dT —dt =1, v, (24)

i=1 k=1

Is  Ks
2D i+
i=1 k=1
where only the negative deviational variables are in-
cluded in the objective (achievement) function to max-
imise the satisfaction of the corresponding student qual-
ifications (computer programming, general software
and database skills) goals. We finally have

d7_ dj7+ =1, V], (25)

4= >0, Vi, (26)

a7, ,d =0, v (27)

The terms of the objective (achievement) function
representing the goals of the first phase are given by

n
min zf) Z dilJr (28)
ny
min zés) = Z djz_ - dj2+ (29)
j=1
ny
() 3— 3+
minz; = Zdj - dj (30)
j=1
ny
min zf) Z d]fl_ (31)
min z5 Z a2 (32)
ny
min zés) = Z dj6_ (33)
j=1
ny
min Z;S) = Z dj7_ (34)
j=1

The objective (achievement) function of the weighted
goal program is then given by

Is
minze =i? (L")

i=1

J
(w) 2— 2+
+ w, Z dj + dj
i=1
J
+w§w) de

J
+ wflw) Z df*

j=1 j=1
J J

i (i) st (207) 09
j=1 j=1



where w%w), .. .,W;W) are the weights representing the

relative importance of the corresponding goals whereas,
for a particular lexicographic importance of goals, the
objective (achievement) function of the lexicographic
(pre-emptive) goal program is then written as

(Zhar)
(Zf. &+ d.2+)

lexminz, = (2}21 df_> o (36)
J 5—
(i)
J 6—
(i)
J 7—
(Shid)
or equivalently as
Is
minz, = wip) <Z diH)
i=1
(2] !
2— 2+
+wy [ D dji~ +d;
j=1
) a
p 3— 34+
+ w, Z dj + dj
j=1
J J
+ wip) de_ + wép) de‘
j=1 j=1
J J
+w(p) Zdjéf —I—wép) Zdj% , (37)
j=1 =1

where w(p "> > W;‘D ) are the weights representing

the 1ex1cograph1c importance (priorities) of the corre-
sponding goals.

4.2. Phase ll: Adviser allocations

After allocating students to projects and forming teams,
the next step is to allocate the required number of
advisers to each project team. We have the following
definitions for the problem. Note that, where appropri-
ate, a similar notation as in the first phase is used to rep-
resent the common structures of the problems of both
phases. Also note that since the project teams are now
formed after the allocation of students and the advisers
actually are allocated to these teams, in this phase, we
use the term project team rather than just project, while
referring the allocations as it might be considered more
appropriate. We however use the same notation (i.e.,
J) to represent both the number of projects in the first
phase and the number of project teams in the second
phase since all projects are allocated in the first phase
and the total number of projects allocated in the first
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phase simply represents the total number of project
teams in the second phase.

e i:adviser,i=1,...,14.

e j:projectteam,j=1,...,].

e k: }))reference, k=1,...,Ka <.

o pl : preference, (i, ])th entry of the matrix repre-
sents the preference of adviser i for project team
j.

e K(ij): a subset of the elements of index k whose
each element represents the preference of adviser

f klk=pf }

e Nr: desired number of project teams allocated to
an adviser.

e N7_min (NT-max): allowed lower (upper) bound on
the number of project teams an adviser allocated.

e N4: required number of project teams allocated to
an adviser.

i for project team j, K(; ;) =

We let x(a) equal 1 if adviser i is allocated to project
team j that is his/her kth preference and 0 otherwise.
We note that although each student must be allocated
to a project and one project only, an adviser might be
desired to be allocated to more than one project team.
The following soft constraint set aims at allocating each
adviser is allocated to N7 project teams.

K

]
Z ~ Nr, Vi. (38)

=1 k=1

S

By adding the corresponding deviational variables,
we obtain the set of constraints in Equation 39.

(a) 1— 1+ .
le +d1. —dl. = Nr, Vi (39)

o

>

j=1

k.
Il

1

where both the positive and negative deviational vari-
ables are included in the objective (achievement) func-
tion. Note that the following set of auxiliary constraints
restricts the number of project teams allocated to an
adviser by ensuring that it is greater than or equal to
Nr_min and less than or equal to N7_max.

] Ka

N7 min < Z
=1k

fj;) < Nrmao Vi (40)

As in the student allocations process, we also want to
satisfy the preferences of advisers as much as possible.

Z > kxfj‘}j 1, Vi (41)

j=1 kEK(ZJ)
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Similarly, by adding the corresponding deviational vari-
ables, we obtain the constraint set in Equation 42.

J

(a) 2— 2+ :
Yo ki +di —dit =1, Vi,
j=1 kGK(,‘)j)

(42)

where only the positive deviational variables are in-
cluded in the objective (achievement) function. The
number of advisers allocated to a project team must
be N, as expressed by the following set of constraints
in Equation 43.

In Ky

YD ox =N Vi

i=1 k=1

(43)

In addition, note that the advisers in each project
team must be different.

Ka
foj”}j <1, Vi,j. (44)
k=1
We finally have
dFd=E >0, Vi (45)

The terms of the objective (achievement) function
are given by

Ia
min zf“) = Z d- —dt (46)
i=1
Iz
min zéa) = Z di2+ (47)

i=1
The objective (achievement) function of the weighted
goal program is then given by

Iy Ig
minsy =i (=) i (3),
(

i=1 i=1
48)
where W§W), wéw) are the weights representing the rel-
ative importance of the corresponding goals, whereas
for a particular lexicographic importance of goals, the
objective (achievement) function of the lexicographic
(pre-emptive) goal program is then written as

(2h, - —dl)
(zhdr)

lexminz, = (49)

or equivalently as

I Ig
minz, = wip) (Z dil_ - di1+> + wép) <Z di2+) ,

i=1 i=1
(50)

where wip > W;p ) are the weights representing the lex-

icographicimportance (priorities) of the corresponding
goals.

5. Implementation and results

In the following two subsections, we summarise the
implementation details and present the results for the
first and second phases using three different real-life
data-sets. We implement our formulations on a per-
sonal computer (with AMD Turion IT P520 Dual-Core
Processor (2.30 GHz) and 4.00 GB RAM) using Math-
ematical Programming Language (MPL) and Gurobi
Optimiser. In each phase, our results are compared
with the real-life allocations in terms of solution quality
with respect to the problem criteria (i.e., the goals pre-
sented in the previous section). Note that, to quantify
the first goal in each problem, the ones about satisfying
the preferences of the students and advisers, we use a
performance measure term computed as the averages
of > >k kxi(;k) for all students and 3 ; > kxfj?() for all
advisers; a smaller number implying a better preference
satisfaction for both cases.

In both phases, in addition to the cases where all
goals are of equal importance, we also use different
settings to see the effects of changing weights on the
optimal solution. To maintain the current length of
our paper, we only consider a few different settings
instead of performing a comprehensive sensitivity anal-
ysis. We additionally pre-empt each problem criterion
for both validating the weight settings and observing the
effects of pre-empting a particular problem criterion
in both cases. We thus construct the corresponding
pre-emptive settings where we solve a mathematical
program with a single objective to minimise the domi-
nating criterion. We finally note the different structures
of the satisfaction scores for the preferences criteria
in both phases as explained in the problem context,
as a result of which it is more difficult for the deci-
sion maker to determine the importance of student
or adviser preferences relative to the other problem
criteria. We thus perform our final computational ex-
periments considering the problematic issue about the
preferences criteria in both phases. To address the issue,
we combine both the weighted (non-pre-emptive) and
lexicographic (pre-emptive) goal programming vari-
ants together to assign extremely more and extremely
less importance to the preferences criteria. We thus
construct the corresponding pre-emptive settings where
we sequentially solve two programs each with a single
objective to minimise the dominating criterion and the
other dominated criteria, respectively. While solving
the program for the second (pre-empted) objective (for
the dominated criterion (criteria)), the optimal value
of the first (pre-empting) objective (for the dominating
criterion (criteria)) is included as a new constraint. Note
that a small relaxation for the new constraint might be



necessary in some cases to prevent potential rounding
errors. We use such relaxations only in cases where
the optimal value of the first (pre-empting) objective
(for the dominating criterion (criteria)) is non-integer
(fractional), and thus, yields a non-integer (fractional)
right-hand-side in the new constraint.

5.1. Phase I: Student allocations

The results are given in Table 2 for student alloca-
tions where we simply assume all goals are of equal
importance. A simple normalisation procedure is used
for scaling the deviations to represent all of them ap-
proximately between 0 and 1. Note that the normalisa-
tion procedure might be more difficult in some cases,
such as the normalisation of a scale-free deviation. In
our case, it seems to require a different consideration
especially for the student preferences criterion. It is
more difficult to put appropriate lower-upper bounds
for the corresponding deviations since some random
variations on these are observed for different data-sets
and even for different people. We nevertheless consider
a normalisation procedure for the corresponding devi-
ations in the objective function by dividing them by the
maximum of such deviations by evaluating the data-
sets used in our study. We moreover utilise another goal
program that combines the weighted and lexicographic
variants to address the problematic issue about the
student preferences.

Except the first two goals, the satisfaction scores of
the goals are given as percentages, a higher number cor-
responds to a better solution. A smaller number implies
a better preference satisfaction for the first goal. For the
second goal, the deviations in the number of students
in the teams are represented with three numbers as in
Table 2. The number in parentheses shows the number
of teams with desired number of students. The num-
ber to left (right) of the number in parentheses is the
number of teams with one less (more) than the desired
number of students. We summarise the performance of
the proposed approach in terms of the goals of the first
phase (student allocations) as follows:

(1) Preferences of the students should be satisfied as
much as possible: It is noted that the proposed
approach produces better results than the real-
life allocations in all cases.

(2) Eachteam should have Ng students, approximate-
average number of students for each team: It
is noted that the proposed approach produces
again better results than the real-life allocations
in all cases.

(3) Average GPA of each team should be Gr,
approximate-average GPA of the class: Itis noted
that the proposed approach produces again bet-
ter results than the real-life allocations in all
cases.
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(4) Average language grade in each team should be
at least Lt above-average grade: Both solutions
satisfy the goal perfectly for all cases.

(5) Each team should have at least one student with
computer programming skills: It is noted that
the proposed approach produces again better
results than the real-life allocations in all cases.

(6) Each team should have at least one student with
general software skills: The proposed approach
satisfies the goal perfectly for all cases. Note that
real-life allocations also satisfy the goal perfectly
for the first and third data-sets.

(7) Each team should have at least one student with
database skills: It is noted that the proposed ap-
proach produces again better results than the
real-life allocations in all cases.

Considering the superior performance of the pro-
posed approach, we also note a few infeasible solutions
in the real-life allocations. In particular, it is noted
that the real-life allocations do not satisfy the hard
constraints about the GPA in any case. In other words,
although the real-life allocations produce seemingly
satisfactory results, these are achieved by constructing
some teams whose average GPA are below (above) the
allowed lower (upper) bounds.

In addition to the case where all goals are of equal
importance, we also use different settings to see the
effects of changing weights on the optimal solution.
To maintain a reasonable length for our paper, we
only consider three different settings in addition to
the solution given in Table 2 instead of performing
a comprehensive sensitivity analysis. The first setting
corresponds to the solution given in Table 2 (i.e., equal
importance of each goal) and is presented for the con-
venience of the reader, whereas each of the remaining
settings represents the dominance of a particular prob-
lem criterion. In particular, these settings represent the
(i) equal importance of each goal (as in Table 2), and
the dominance of the problem criterion for (ii) student
preferences, (iii) number of students per team and (iv)
student qualifications (GPA, language skills etc.). The
results are summarised in Table 3. To dominate some
particular problem criterion, we significantly increase
the weight of the corresponding goal. Note that the
importance of student preferences and number of stu-
dents per team criteria are represented with the weights
of the first two goals w; and w,, respectively, whereas
the importance of the remaining criterion (i.e., stu-
dent qualifications) are determined with the respective
weights of the remaining five goals from w3 to wy. We
can thus define these settings as follows:

(1) In this setting, each criterion has equal impor-
tance, thatis, w; = wy = wq,whereq =3,...,7.
represents the index of student qualification goals.
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Table 2. Summary of results (student allocations).

Data-set-1 Data-set-2 Data-set-3

Goal RLA-1 PS-1 RLA-2 PS-2 RLA-3 PS-3

1 2.58 1.85 2.18 1.52 2.44 2.03
2 2-(10)-11 0-(14)-9 5-(12)-1 4-(14)-0 6-(18)-1 5-(20)-0
3 95% 97% 95% 96% 94% 98%
4 100% 100% 100% 100% 100% 100%
5 87% 100% 61% 89% 68% 100%
6 100% 100% 89% 100% 100% 100%
7 57% 74% 28% 33% 36% 52%
ST (s) - 1.92 - 1.31 - 20.24

Abbreviations: RLA: Real Life Allocations, PS: Proposed Solution, ST: Solution Time (seconds).

Table 3. Solutions for different settings (weighted GP).

Goal Setting-1 Setting-2 Setting-3 Setting-4
Data-set-1

1 1.69 1.60 1.78 1.82

2 2-(10)-11 6-(2)-15 0-(14)-9 2-(10)-11
3 96% 95% 97% 98%
4 100% 100% 100% 100%
5 91% 83% 91% 100%
6 100% 100% 100% 100%
7 70% 61% 74% 74%
Data-set-2

1 1.32 1.24 1.32 1.56

2 4-(14)-0 7-(8)-3 4-(14)-0 4-(14)-0
3 96% 96% 96% 98%
4 100% 100% 100% 100%
5 67% 61% 67% 89%
6 100% 83% 100% 100%
7 33% 33% 33% 33%
Data-set-3

1 1.74 1.64 1.87 191

2 9-(12)-4 12-(6)-7 5-(20)-0 8-(14)-3
3 97% 96% 97% 98%
4 100% 100% 100% 100%
5 84% 72% 80% 100%
6 100% 100% 100% 100%
7 52% 48% 48% 52%

(2) Inthissetting, student preference criterion is sig-
nificantly more important than the other criteria
and each other criterion has equal importance,
that is, w; > wy = wy, where g = 3,...,7. rep-
resents the index of student qualification goals.

(3) In this setting, number of students per team
criterion is significantly more important than
the other criteria and each other criterion has
equal importance, that is, w, > w; = Wy, where
q = 3,...,7. represents the index of student
qualification goals.

(4) In this setting, student qualifications criterion
is significantly more important than the other
criteria and each other criterion has equal im-
portance, that is, wg > Wi = wy, where g =
3,...,7. represents the index of student qualifi-
cation goals.

Theresults presented in Table 3 show the satisfaction
scores of the goals for each data-set as in Table 2 for
each setting. As noted before, the first setting (Setting-
1) represents the equal importance of each goal as given
in Table 2, and is included for the convenience of the
reader. We note that the setting where the student

preference criterion (Setting-2) dominates the other
criteria produces the best satisfaction scores for the
corresponding criterion for all data-sets as expected.
Other satisfaction scores of the setting, on the other
hand, show that improving student preferences comes
at a price. It seems that other satisfaction scores usually
are at their worsts in this setting which is not the case
for the other settings where a particular criterion dom-
inates the others. In Setting-3, for instance, although
the satisfaction scores for the number of students per
team criterion are at their bests, it seems that we can still
get better results than those of Setting-2 for the student
qualifications criterion. Setting-4 produces the best re-
sults for the student qualifications criterion as expected.
It seems, on the other hand, that constructing the best-
qualified student teams yields the worst allocations in
terms of satisfying the student preferences.

We also pre-empt each problem criterion for both
validating the weight settings and observing the effects
of pre-empting a particular problem criterion. We thus
construct the corresponding pre-emptive settings where
we solve a mathematical program with a single objective
to minimise the dominating criterion. It turns out from
the results that we cannot improve the student pref-
erence and number of students criteria more than the
corresponding satisfaction scores given in Table 3. In
terms of student qualifications criterion, it is observed
that we can only improve the satisfaction score of a
single goal (GPA) in the first and second data-sets by
1% and 2%, respectively.

We finally note the different structures of the satis-
faction scores for the student preferences criterion as
explained in the problem context, as a result of which
it is more difficult for the decision maker to deter-
mine the importance of student preferences relative to
the other problem criteria. We thus perform our final
computational experiments considering the problem-
atic issue about the preferences criteria in both phases.
To address the issue, we utilise the lexicographic (pre-
emptive) goal programming variant to assign extremely
more and extremely less importance to the preferences
criterion. We thus construct the corresponding pre-
emptive settings where we sequentially solve two pro-
grams each with a single objective to minimise the
satisfaction scores of the dominating criterion and the



other dominated criteria, respectively. We thus define
the following six settings as:

(1) In this setting, student preference criterion is
extremely more important than the other criteria
and each other criterion has equal importance,
that is, w; > wy = wy, whereq = 3,...,7. rep-
resents the index of student qualification goals.

(2) In this setting, student preference criterion is
extremely more important than the other criteria
and number of students criterion is more im-
portant than the student qualifications criterion,
that is, w; > way > wy, whereq = 3,...,7. rep-
resents the index of student qualification goals.

(3) In this setting, student preference criterion is
extremely more important than the other cri-
teria and number of students criterion is less im-
portant than the student qualifications criterion,
that is, w; > wy > wa, whereq = 3,...,7. rep-
resents the index of student qualification goals.

(4) In this setting, student preference criterion is
extremely less important than the other criteria
and each other criterion has equal importance,
that is, w, = wg > wy, whereg = 3,...,7. rep-
resents the index of student qualification goals.

(5) In this setting, student preference criterion is
extremely less important than the other criteria
and number of students criterion is more im-
portant than the student qualifications criterion,
that is, wp > wq > wi, where g = 3,...,7. rep-
resents the index of student qualification goals.

(6) In this setting, student preference criterion is
extremely less important than the other crite-
ria and number of students criterion is less im-
portant than the student qualifications criterion,
that is, wy > wy > wy, whereq = 3,...,7. rep-
resents the index of student qualification goals.

The results presented in Table 4 show the satisfaction
scores of the goals for each data-set as in Table 2 and
3 for each setting. We first note that the best possible
satisfaction scores for student preferences yield worse
satisfaction scores for the other problem criteria as
expected. It is noted that the results of the first three
settings are exactly the same in the first data-set which
are also produced by the weighted goal program where
the student preferences criterion is more important
than the other criteria as presented in Table 4 (i.e.,
Setting-2, that is, w; > wy = wy, where g = 3,...,7.
represents the index of student qualification goals). In
the other data-sets (Data-set-2 and Data-set-3), on the
other hand, changing the relative importance of other
criteria produces different results in favour of the num-
ber of students per team and student qualifications
criterion in the corresponding setting (i.e., Setting-2
and Setting-3), respectively.
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Table 4. Solutions for different settings (GP with lexicographic
preferences).

Goal Setting-1 Setting-2 Setting-3  Setting-4 Setting-5 Setting-6

Data-set-1

1 1.60 1.60 1.60 1.88 1.88 1.97

2 6-(2)-15 6-(2)-15  6-(2)-15 0-(14)-9 0-(14)-9  0-(14)-9
3 95% 95% 95% 98% 98% 99%

4 100% 100% 100% 100% 100% 100%
5 83% 83% 83% 100% 100% 100%
6 100% 100% 100% 100% 100% 100%
7 61% 61% 61% 74% 74% 74%
Data-set-2

1 1.24 1.24 1.24 1.54 1.54 1.90
2 7-(8)-3 7-(8)-3 9-(4)-5  4-(14)-0 4-(14)-0 4-(14)-0
3 96% 96% 96% 97% 97% 99%

4 100% 100% 100% 100% 100% 100%
5 61% 61% 67% 89% 89% 89%
6 83% 83% 94% 100% 100% 100%
7 33% 33% 33% 33% 33% 33%
Data-set-3

1 1.64 1.64 1.64 2.06 2.06 2.11

2 12-(6)-7  12-(6)-7 13-(4)-8 5-(20)-0  5-(20)-0  5-(20)-0
3 96% 96% 96% 98% 98% 98%

4 100% 100% 100% 100% 100% 100%
5 72% 76% 76% 100% 100% 100%
6 100% 100% 100% 100% 100% 100%
7 48% 44% 44% 52% 52% 52%

The satisfaction scores of the student preferences
criterion are usually worse than those produced by
the setting where the student preferences criterion has
the lowest importance (i.e., Setting-4) of the weighted
goal program. Setting-4 and Setting-5 in Data-set-2
represent the exceptional cases where the satisfaction
scores of the student preferences criterion (i.e., 1.54 in
both settings) are slightly better than those of Setting-4
of the weighted goal program (i.e., 1.56).

The worst satisfaction scores overall, on the other
hand, are always produced by the last setting (Setting-
6) of the goal program with lexicographic variant as
noted in Table 4. We moreover note that changing
the relative importance of other criteria (number of
students per team and student qualifications) does not
affect the satisfaction score of the number of students
per team criterion at all in the last three settings. It
however slightly improves the corresponding scores
for the student qualifications in the last setting where
the relative importance of the student qualifications
criterion is higher than that of the number of students
per team criterion.

When compared to the results of the weighted goal
program, it is noted that the satisfaction scores for the
number of students per team criterion in the last three
settings of the goal program with lexicographic variant
are exactly the same as the best satisfaction scores for the
corresponding criterion in the weighted goal program
whereas a few slight improvements over the weighted
variant are observed in the final setting (Setting-6) in
terms of student qualifications.
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Table 5. Summary of results (adviser allocations).

Data-set-1 Data-set-2 Data-set-3
Goal RLA-1 PS-1 RLA-2 PS-2 RLA-3 PS-3
1 3.78 2.65 1.33 1.14 3.74 294
2 0-(9)-2 0-(9)-2 0-(8)-3 0-(8)-3 1-(8)-3 0-(10)-2
ST (s) - 0.19 - 0.06 - 0.09
Abbreviations: RLA: Real Life Allocations,

PS: Proposed Solution, ST: Solution Time (seconds).

5.2. Phase ll: Adviser allocations

The results are given in Table 5 for adviser allocations
where we assume all goals are of equal importance as in
the first phase. As in the student allocations, a simple
normalisation procedure is used for scaling the devia-
tions to represent all of them approximately between 0
and 1. Again note that, as for the student preferences
criterion, the normalisation procedure seems to require
adifferent consideration for the adviser preferences cri-
terion. We consider a similar normalisation procedure
as in the student allocations. Corresponding deviations
in the objective function are divided by the maximum of
such deviations by evaluating the data-sets used in our
study for normalisation. We moreover utilise another
goal program that combines the weighted and lexico-
graphic variants to address the problematic issue about
the adviser preferences as in the student allocations.

For the first goal, just as in the student allocations, a
smaller number implies a better result. For the second
goal, on the other hand, deviations from the desired
number of teams an adviser administrates (i.e., devi-
ations from N7) should be minimised. We also sum-
marise the performance of the proposed approach in
terms of the goals of the second phase (adviser alloca-
tions) as follows:

(1) Preferences of the advisers should be satisfied as
much as possible: As in the student preferences,
the proposed approach again produces better
results than the real-life allocations for all cases.

(2) Each adviser should have Nt project teams, that
is the average number of project teams per ad-
viser: We note that, the proposed approach pro-
duces a better result for the third case whereas for
the first and second cases, both solutions satisfy
the goal equally.

As in the student allocations, in addition to the case
where all goals are of equal importance, we also use
different settings to see the effects of changing weights
on the optimal solution. Also as in the student alloca-
tions, to maintain a reasonable length for our paper, we
only consider two different weight settings in addition
to the solution given in Table 5 instead of performing
a comprehensive sensitivity analysis. The first setting
corresponds to the solution given in Table 5 (i.e., equal
importance of each goal), and is presented for the con-
venience of the reader, whereas each of the remaining

settings represents the dominance of a particular prob-
lem criterion. In particular, these settings represent the
(i) equal importance of each goal (as in Table 2), and
the dominance of the problem criterion for (ii) adviser
preferences and (iii) number of teams per adviser. The
results are summarised in Table 6. To dominate some
particular problem criterion, we significantly increase
the weight of the corresponding goal. Note that the
importance of adviser preferences and number of teams
per adviser criteria are represented with the weights of
the two goals w; and w,, respectively. We can thus
define these settings as follows:

(1) In this setting, each criterion has equal impor-
tance, that is, w; = wy.

(2) In this setting, the adviser preferences criterion
is significantly more important than the number
of teams per adviser criterion, that is, w; > w,.

(3) In this setting, the number of teams per adviser
criterion is significantly more important than the
adviser preferences criterion, that is, w; < w».

The results presented in Table 6 show the satisfaction
scores of the goals for each data-set as in Table 5 for each
setting. As noted before, the first setting (Setting-1) rep-
resents the equal importance of each goal as given in Ta-
ble 5, and is included for the convenience of the reader.
Although some improvements are observed in the first
two data-sets for the first (adviser preference) criterion,
it is noted from the results that our simple sensitivity
analysis also illustrates the highly constrained structure
of the feasible space of the problem. It is especially
observed for the second (number of student teams per
adviser) criterion in all data-sets and for all criteria in
the third data-set. In fact, the third data-set represents
an extreme case where employing any of the defined
settings does not affect the optimal solution. Note that
the corresponding highly constrained structure of the
feasible space is caused by the hard constraints on the
number of student teams per adviser given by Equation
40. These constraints guarantee some level of fairness
among the advisers by defining some lower and upper
bounds for the number of student teams per adviser.
Similar cases are partially observed for the first two
data-sets. It is noted, in these data-sets, that the dom-
inance of the second (number of student teams per
adviser) criterion does not affect the optimal solution,
whereas we can improve the first (adviser preference)
one if it becomes the dominating criterion. We finally
note that being unable to improve the second (number
of student teams per adviser) criterion is an expected
for the data-sets available since the first setting already
produces the best satisfaction score in terms of the
number of student teams per adviser criterion. In other
words, it is noted that since the total number of advisers
is not a divisor of the total number of allocations (the
total number of projects multiplied by the number of



Table 6. Solutions for different settings (weighted GP).

Goal Setting-1 Setting-2 Setting-3
Data-set-1

1 2.65 2.54 2.65

2 0-(9)-2 2-(5)-4 0-(9)-2
Data-set-2

1 1.14 1.08 1.14

2 0-(8)-3 1-(6)-4 0-(8)-3
Data-set-3

Goal Setting-1 Setting-2 Setting-3
1 294 2.94 2.94

2 0-(10)-2 0-(10)-2 0-(10)-2

advisers per project), some advisers must administrate
as many additional projects as the remainders of the
division (i.e., 2, 3 and 2 additional projects in the three
data-sets, respectively).

We also pre-empt each problem criterion for both
validating the weight settings and observing the effects
of pre-empting a particular problem criterion. We thus
construct the corresponding pre-emptive settings where
we solve a mathematical program with a single objective
to minimise the dominating criterion. It turns out from
the results that we cannot improve the satisfaction score
of any criterion more than the corresponding satisfac-
tion scores given in Table 6.

Asin the student allocations, to note the difficulty for
the decision maker to determine the importance of ad-
viser preferences relative to the other problem criterion
(i.e., number of teams per adviser), we perform our final
computational experiments considering the problem-
atic issue about the adviser preferences. To address the
issue, we utilise the lexicographic (pre-emptive) goal
programming variants to assign extremely more and
extremely less importance to the preferences criterion.
We thus construct the corresponding pre-emptive set-
tings where we sequentially solve two programs each
with a single objective to minimise the satisfaction scores
of the dominating criterion and the other dominated
criteria, respectively. While solving the program for
the second (pre-empted) objective (for the dominated
criterion (criteria)), the optimal value of the first (pre-
empting) objective (for the dominating criterion (cri-
teria)) is included as a new constraint. We thus define
the following two settings as:

(1) In this setting, the adviser preferences criterion
is extremely more important than the number of
teams per adviser criterion, that is, w; > w;.

(2) In this setting, the adviser preferences criterion
is extremely less important than the number of
teams per adviser criterion, that is, w; < w.

The results presented in Table 7 show the satisfac-
tion scores of the goals for each data-set as in Table
5 and 6 for each setting. It is noted that the satisfac-
tion scores produced by Setting-1 and Setting-2 of the
goal program with lexicographic variant are exactly the

JOURNAL OF THE OPERATIONAL RESEARCH SOCIETY 703

Table 7. Solutions for different settings (GP with lexicographic
preferences).

Goal Setting-1 Setting-2
Data-set-1

1 2.54 2.65

2 2-(5)-4 0-(9)-2
Data-set-2

1 1.08 1.14

2 1-(6)-4 0-(8)-3
Data-set-3

1 2.94 2.94

2 0-(10)-2 0-(10)-2

same as the satisfaction scores of those produced by the
Setting-2 and Setting-3 of the weighted goal program.
In other words, pre-empting a particular goal does not
improve the corresponding satisfaction scores more
than those produced by the corresponding setting of the
weighted goal program, implying the aforementioned
highly constrained structure of the feasible space in the
adviser allocations.

6. Solution efficiency

Since the main philosophy of goal programming is
about the achievement of a set of target levels as closely
as possible (i.e., satisfying), a solutions produced by
a satisfying decision maker may be Pareto inefficient;
that is, the value of one or more of the objectives can
be improved without worsening any others. Such a
situation also indicates the pessimistic viewpoint of the
decision maker in setting the target levels. Although
we do not present an analysis on the efficiency issue in
the following pages to maintain the current length of
our paper; for the sake of completeness, in this section,
we present a brief discussion about the efficiency of
solutions, detection and restoration of Pareto efficiency
adapted from Jones and Tamiz (2010), intended as a
guideline for future studies. The interested reader might
refer to a more detailed discussion presented by Jones
and Tamiz (2010).

We first note the necessity of different treatments for
Pareto efficiency detection for different goal programs.
Detection of Pareto efficiency, for instance, continuous-
weighted and lexicographic goal programming variants
is different from those of integer (binary)-goal pro-
gramming models. In continuous-weighted and lexi-
cographic goal programming variants, there are several
tests presented by Jones and Tamiz (2010) for detection
of Pareto efliciency in many cases.

The first test (Test A) states that two-sided goals
can be classified as Pareto efficient. If we represent the
penalised and not-penalised deviational variables with
o and B, respectively; we can say that any objective
with a basic non-zero « at optimal solution is Pareto
efficient (Test B) whereas any objective with a non-basic
B which can be entered into the basis without lowering
the values of any basic 8 or increasing the value of any
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basic « is Pareto inefficient (Test C). Similarly, another
test (Test D) for detection indicates that for any objec-
tive with a non-basic g, if that f can be increased by
entering of any variable to the basis without causing an
increase of another objective’s o or decrease in another
objective’s B, then, that objective is Pareto inefficient.

Although we can detect Pareto efficiency of many ob-
jectives using these tests without performing any sim-
plex iterations, another test (Test E) detailed by Jones
and Tamiz (2010) can be used for the other unclassified
objectives as an alternative which might require the
consideration of computational issues.

We note that although tests A and B can still be used
for integer or binary goal programs (as in our case), tests
C and D are not applicable anymore whereas a mod-
ified version of test E proposed by Tamiz, Mirrazavi
and Jones (1999) can be applied instead. It classifies
the objectives of any integer or binary goal program
into Pareto-ineflicient and Pareto-efficient subsets. It is
summarised as follows for objective t.

Step (1): Impose the following bounds.

aan;, q=1...,Q (51)

Ba= By q=1...,Qq#t (52)

where oy and B represent the values of the deviational
variables of the objective g in the integer optimal solu-
tion.

Step (2): Solve the following integer program starting
with the solution of the original integer program.

max z = Z Bq (53)

qeQt

subject to

a<al, g=1,...,Q (55)
Be= B qa=1,...,Q (56)

x€F (57)
npPg =0, g=1,...,Q (58)

where Q" is the set of not-yet classified objectives.

Step (3): Inspect the optimal solution of the integer
program and classify any objectives with B > B]
as Pareto inefficient. If no such objectives exist, then,
classify all remaining unclassified objectives as Pareto
efficient and terminate the algorithm. Otherwise update
set Q" and go to Step (2).

In our case, note that we have seven and three objec-
tives in the proposed integer (binary)-goal programs
of the first- and second-phase problems, respectively.
Among aforementioned tests, we can thus use test A
and B as well as the modified version of test E for Pareto
efficiency detection of these objectives. We also note the
applicability of test A for the two-sided objectives; the
second and third objectives of the first-phase problem
and the first objective of the second-phase problem.
The other applicable tests (test B and modified version
of test E) can be considered for the remaining objec-
tives. In case of a Pareto inefficiency, some methods are
proposed to restore Pareto efficiency, such as,

(1) Straight Restoration
(2) Preference-Based Restoration
(3) Interactive Restoration

We note that, among these, straight restoration
method’s assumptions, stating that each g is desired
not only to be maximised but also with equal impor-
tance, can be considered as its drawbacks. Also note
that although the usage of preference-based restoration
might be a preferred way of restoring Pareto efficiency
without interfering with the decision maker, it has a
disadvantage of assuming the same below and above
target level preferences for the decision maker. The
interactive restoration method, however, requires the
decision maker’s involvement to make a choice from
the set of inefficient objectives at each step of an itera-
tive process. We do not present more details on these
approaches to maintain the current length of our paper
by referring the interested reader to Tamiz and Jones
(1996), Tamiz et al. (1998) and Jones and Tamiz (2010)
for more detailed discussions on these restoration ap-
proaches.

As a final remark, we note different considerations
are required for detection and restoration of Pareto effi-
ciency for Chebyshev and non-linear goal programs. In
a Chebysev goal program, balancing, as another under-
lying philosophy of goal programming, must be taken
into account whereas some other special approaches
are proposed for non-linear goal programs such as the
ones presented by Caballero et al. (1998) and Caballero
and Hernandez (2006).

7. Conclusions

In this study, we present a two-phase binary-goal

programming-based approach for solving a novel sys-
tem design project-team formation problem which in-
volves several restrictions and requirements as well as
the preferences of the potential team members. The
problem instance considered in this study basically in-
cludes two types of allocations, as the allocations of
students and academic advisers, which are performed
in the first and second phase of the proposed solu-
tion approach, respectively. Although it represents a



particular case as represented in this study, it can be
easily generalised to be used for solving similar project-
team formation problems. We implement our model
on a real-life project-team formation problem in an
academic institution and compare our solutions to the
real-life allocations performed manually. It is noted
that, in terms of satisfying the goals of the problem,
our approach significantly outperforms the real-life al-
location procedure. In addition, computational results
show our model’s ability to solve similar-sized real-life
problems considered in this study in reasonable time
periods (i.e., less than a minute) on an average personal
computer, implying its potential for significant savings
in terms of the human resources available. In terms of
its scientific contributions, our study not only defines
and conceptualises the project-team formation prob-
lem (which combines some aspects of different prob-
lems in the literature, i.e., team formation problems,
skilled-workforce planning and scheduling problems
etc.) by considering all real-life problem parameters,
but also presents an approach to optimally solve the
similar-size problem instances in reasonable time peri-
ods.

Several extensions to our approach are planned in
future studies. First of all, the process for the identifi-
cation of student qualifications can be improved since,
currently, a few simple quantities are used for this pur-
pose. Considering a student’s educational background
inmore detail (i.e., student’s grades in particular classes)
and identifying the student’s qualifications based on
this can produce more accurate results. Consideration
of the areas of expertise of advisers is another future
study direction to allocate advisers accordingly. Since,
in addition to academic advisers, project teams might
also include advisers from the organisations where the
projects are implemented, we think, it is important to
consider the restrictions, requirements and preferences
of these organisations as well as the advisers from the
organisations. We also want to take social relationships
among students and advisers into account in our future
studies, probably one of the most important factors to
form successful project teams.

In terms of computational issues, although the pro-
posed solution approach’s performance is quite suc-
cessful for the real-life problem considered in this study,
we can randomly generate larger-size problem instances
to analyse its computational performance. Developing
alternative solution approaches might be considered as
another future study direction.

One of the shortcomings of our study is the lack
of the feedback from the students and advisers on the
allocations. Although currently it is not possible to
obtain such feedback about the proposed project-team
formation approach since it is not implemented in prac-
tice, we can obtain some feedback from the students and
advisers about the real-life allocations. The results can
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also be used to determine the relative importance of the
problem criteria since we currently use the equal im-
portance of problem criteria assumption of the decision
maker in this study. Although it is a reasonable assump-
tion, we think that a more comprehensive weight deter-
mination approach in our goal program might be very
useful. We plan to use some group decision-making
technique to determine the corresponding weights to
be able to consider the perspective of a larger group of
people in the decision making process.
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