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Abstract

The problem of optimal team formation is domestic to many areas of work
organization including education, sport, and business. It is beyond manual
implementation to build near optimal teams as soon as the pool of available
personnel grows into several tens. The selection process itself is usually well
defined — for each team we construct the criteria relating to the required
properties (i.e., capabilities) of the team members. Because these properties
can be arbitrarily combined in the personnel, the objective function becomes
self-conflicting. This aggravates the team formation and calls for a specialized
software support.

In the paper we present a new fuzzy-genetic analytical model for the
problem of project team formation. It builds on previous quantitive ap-
proaches, but adds several modeling enhancements like derivation of person-
nel attributes from dynamic quantitive data, complex attribute modeling,
and handling of necessary overcompetency. We improve the flexibility of re-
quirements specification using a special format that expresses the required
team capabilities using fuzzy descriptors. We then define a single compound
objective function, which incorporates multiple opposing criteria that the so-
lution should maximize. To optimize the selection of multiple project teams
with possibly conflicting requirements, we propose a special adaptation of
island genetic algorithm with mixed crossover where the fitness of common
solution is used to drive the selection within the islands. We test the effec-
tiveness of the system using artificial domains of different complexity and

∗Corresponding author.
Email address: damjan.strnad@uni-mb.si (D. Strnad)

Preprint submitted to Applied Soft Computing May 28, 2009

* Manuscript



Page 2 of 34

Acc
ep

te
d 

M
an

us
cr

ip
t

describe some practical experiences of using the system in the educational
process.

Key words: project management, team formation, decision support
software, fuzzy logic, genetic algorithms, project requirements specification

1. Introduction

The success of companies with ramified project-based tender requires soft-
ware support for effective project management. Existing software tools on
the market include project planning, estimation, and control modules (for a
list of project management software tools see [1]). They automatize or at
least facilitate certain tasks that a human project manager must otherwise
perform.

One of the pre-tasks in the project planning phase is the efficient and
expedient formation of project teams. A failure to do so can manifest in
decrease of service quality, unattainable project deadlines (with expected
financial penalties), and loss of credibility. Successful formation of collabora-
tive teams is still an open problem addressed by on-going research in various
fields of business and social studies [2, 3, 4].

In small-sized enterprizes, a reasonable team organization policy can be
conducted by a person with a good knowledge of employees’ capabilities, spe-
cializations, and current assignments. In medium-sized and large companies
with many concurrently active projects, the team management becomes a
challenging if not an impossible task for manual implementation. However,
available commercial tools do not seem to incorporate any sophisticated way
to support the automated team member selection process. These tools pro-
vide basic functionality regarding team selection, in which only properly
skilled personnel can be assigned to the project, but the process of selec-
tion is still mostly manual. They perform much better in subsequent project
phases by continuously tracking the resource availability and task allocation.

Besides project management there are other areas where team formation
is a topical problem. One of those areas is collective sport. To enhance the
quality of the team, the combinatorial optimization [5] or evolutionary ap-
proach [6] were suggested. Some researchers applied team formation methods
in the field of multi-agent systems to organize the agents into collaborative
units with required capabilities [7]. In this paper we shall confine the discus-
sion to project team formation although most of the principles extend easily
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to other domains.
What is common to all team formation problems is the aim to optimize

the selection based on requested team member properties. The literature uses
different terms like property, attribute, skill, or capability to describe those
individual characteristics. Most of the existing literature deals with soft and
qualitative attributes while the more recent research shows increased interest
in team formation based on quantifiable data.

The problem of efficient project team formation based on quantitative
data was previously addressed by Rodrigues et al. who used data mining
techniques to extract the exact expertise of employees from their published
work [8]. They suggested that the assembled information could be used to
propose a team suitable to the work at hand.

Zakarian and Kusiak were the first to suggest an analytical model for
building multi-functional teams in the domain of concurrent engineering [9].
The input in their case was the product requirements specification obtained
through quality function deployment (QFD) method. Qualitative relations
between desired product characteristics and required engineering skills were
identified in a matrix form. Analytical hierarchy process (AHP) approach was
then used to select the team members that are able to provide the necessary
engineering capacity.

A similar approach based on AHP was later developed by Chen and
Lin who considered multi-functional knowledge, teamwork capability, and
personal compatibility as the fundamental factors in team selection [10]. The
metric for interpersonal relationship of team members relied on Myers-Briggs
type indicator for personality profiling.

The analytical model introduced by Fitzpatrick and Askin used a divi-
sion of labor pool into disjoint categories similar to Rodrigues’ work [11].
The authors specifically focused on the problem of organizational restruc-
turing from non-cellular to cellular production. They used the simplifying
assumption that individuals are not differentiated by skill levels. An addi-
tional objective was that the teams formed with the use of a heuristic method
based on Kolbe measures should have good interpersonal construction. The
approach is less suitable for dynamic project team formation from a pool of
employees with different combinations of graded skills.

Gronau et al. used knowledge modeling and description language (KMDL)
to build a taxonomy of knowledge objects for a company in the form of a
semantic net [12]. The team was formed considering the distance in this
taxonomy between the knowledge held by a person and project requirements.
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There were no degrees of skills and the exact optimization method was not
detailed.

Hlaoittinun et al. presented a clustering method for multidisciplinary
team building where team members are characterized by a set of attributes
representing their technical competencies [13]. Tasks and team members
were clustered into families based on incidence matrix, after which an inte-
ger linear programming model was used for the final selection. This approach
incorporates competency dynamics, but disregards soft selection factors and
uncertainty in the data.

Fuzzy logic has been recognized by several authors as a suitable tool to
describe vague personnel capabilities as well as project requirements. In com-
bination with different optimization techniques fuzzy sets were successfully
applied to the problem of automated team formation. Tseng et al. proposed
the grey decision theory for assigning engineers of different specializations
to a number of projects with specified characteristics [14]. The engineers
were preclassified according to their specializations and were therefore only
evaluated on a subset of skills. In the approach by Tseng et al. the project
requirements must be specified in terms of known job profiles. This is not
always desirable and can lead to suboptimal solutions when there exists a
finer specification of project activities that imply more detailed skills. An-
other problem is that the employees’ abilities are evaluated in terms of fuzzy
levels by department managers and are not based on quantitative data. This
requires manual and periodical reevaluation with subjective tone.

Karsak used linear programming to select individuals from a pool of can-
didates for a certain job [15]. Candidate skills were described by fuzzy num-
bers and prespecified. The job specifications were a composition of two fuzzy
values — skill requirements and importance degrees. The latter were used
for preferential ordering of non-dominant solutions.

Baykasoglu et al. [16] extended Karsak’s work into an analytical model
for project team selection that uses fuzzy quantities to describe the employ-
ees’ capabilities and the skill requirements for each activity in a multi-phase
project. The authors used high-level skill descriptions like technical expertise,
communication skills, and problem solving ability. Individual skill degrees
were given as fuzzy numbers with triangular membership functions on a nor-
malized input scale. Each candidate’s rating was calculated using extended
addition and multiplication between his pre-fuzzified capabilities and project
requirements. The task of finding optimal assignment of employees to mul-
tiple concurrent projects used two objective functions. The first one was a
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cummulative team suitability and the second one was the team size. To limit
the number of team members, a trapeziodal membership function was used,
which favored a certain range of team sizes (in particular between 4 and 7)
allowing a smaller deviation if necessary to achieve a higher value on the
first objective. Several crisp constraints like budget and termination limits
were defined in addition to soft objectives. To find the optimal solution the
authors employed the simulated annealing procedure. Among several local
optima the Zimmerman’s max-min method was used to select the preferred
team formations. In the conclusion to their paper, Baykasoglu and coauthors
stressed the growing importance of automated team selection for the reduc-
tion of project execution time and the rise of company performance. They
also exposed the lack of team formation methods based on quantitative data
with expected further development in this area.

In this paper, we present a new generic fuzzy-genetic architecture applied
to the problem of project team formation. Our method extends on previous
work that uses fuzzy descriptors for team member attributes and project re-
quirements. The extensions in our approach target the following observations
on existing models:

• the source of values for team member attributes is incidental in a way
that personnel capabilities (especially technical skills and teamwork
characteristics) are not derived from quantitive data even when such
data exists,

• the advance of skills and evolution of properties are not considered,

• project specifications format is not flexible enough to provide hints or
preferences about which competencies can be provided by a single team
member and which must be contributed by distinct team members,

• there is a lack of option to define higher-order attributes based on ele-
mentary ones, which would facilitate the description of domain specific
attribute combinations,

• the compatibility of individual’s attributes with project requirements
does not consider the possibly necessary overcompetency of team mem-
bers,

• the procedure for finding the optimal solution (i.e., distribution of work-
ers to multiple teams) is either exact and therefore scales poorly or uses
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only a local heuristic search,

• the operation of existing methods is demonstrated on relatively small
scale problems.

Our mathematical model for team selection includes components similar
to the model of Baykasoglu et al., but extends it in several ways. The model
derives the fuzzy values for certain properties from the employee database.
Project oriented firms usually maintain databases of previous projects and
various data about employee specializations, course and conference atten-
dances, report evaluations, and cooperation experiences. In addition to that,
dynamic databases hold information about employees’ current occupations
and status of active projects. An objective assessment of workers techni-
cal skills, cooperative characteristics, availability, and even soft factors like
communication skills can be deduced from those databases. Because the in-
formation in databases is dynamically updated our model implicitly handles
competency dynamics.

The existing quantitative approaches are not very elaborate about the
specification of required team member attributes. The model of Baykasoglu
defines the required skills for overlapping project phases. Sometimes these
phases are not so clear-cut while at other times the individual phase ac-
tivities can be further detailed into time intervals when certain skills are
required simultaneously or in sequence. Our model uses a special format
for project requirements specification. With this format it is possible to list
skill combinations allowed in a single person and individually required skills.
The notion of clearly separated project phases is in our model represented
through subprojects.

As a further supplement the fuzzy part of our analytical model allows
definition of compound attributes from basic skills using classical fuzzy rules.
The process of fuzzy inference is then used to evaluate the team members
on these complex characteristics. Previous approaches either work with a
fixed set of specific attributes or use high level skill types without further
subdivision.

To optimize the formation of project teams, we apply a variation of island
genetic algorithm that employs a specific type of mixed crossover among
islands. The use of population-based global heuristic search provides the
means to find near optimal solutions even in medium and large scale instances
of team selection problem.
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The rest of the paper is organized as follows: In section 2 we describe
the main components of our model. The use of fuzzy descriptors as a way of
determining the requirements for project teams is explained first. Following
that, we introduce a special format for specifying the optimization criteria
for the team formation algorithm. Next we present a variation of island
genetic algorithm, which is used to optimize the formation of multiple teams
based on the given criteria. The experimental results obtained on artificial
problem domains and practical experiences are summarized in section 3. In
the final section 4 we review the extensions our model brings to the previous
approaches, describe its limitations, and suggest possible improvements.

2. The model description

We consider a practical scenario of multiple team formation in which the
use of the supporting software tools is most apparent. Suppose that teams are
to be assigned to multiple projects according to the project characteristics,
which in turn determine the required team members’ skills. A project team
member can be part-time involved in some project and therefore able to
assist in more than one project interchangeably. Different forms of partial
engagement are possible, including full-time occupation in isolated project
phases only or invariant part-time occupation. To be able to regard such
differences, the team formation component should have access to all the
necessary project information.

The objective of our model is to produce a group of teams, which maxi-
mizes the expected utilization of available technical and functional capacities
described by fuzzy values. Baykasoglu et al. define team size optimization as
a second fuzzy objective, but we use team size as a sharp constraint. Some
previous models pay regard to other crisp constraints like budget and project
termination limits, which are currently not considered in our model.

The following subsections describe in detail the major components of our
analytical model, which are depicted in figure 1. The dotted lines in the
diagram indicate procedures which are not part of the model, but are tied to
it as necessary pre- and post-processing steps.

Solely for the purpose of demonstrating the different techniques included
in our model, we shall consider a case of software development company
which requires many specialized as well as general technical competencies.
Such company is also a characteristic example of a project oriented enterprise
and the team formation necessity is clearly expressed in the literature [17, 18].
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2.1. Fuzzy modeling of skills

A completely automatic team assignment system would first need to ex-
tract the number, necessary skills, availabilities, and other properties of team
members from less formal project specifications before starting with the se-
lection. The setting we will use in this paper assumes human interaction in
this phase. In companies which use prescribed standard format for project
specifications it would be possible to define the rules for automated extraction
of formal project requirements.

After the project specifications are processed, typical determined require-
ments might look like “We need a five men project team with an experienced
leader, one not very busy designer, and three programmers, two of them
full-time.” Further details could be established about the designer’s or pro-
grammers’ specializations with respect to the tools they master. So, for ex-
ample, a C++ expert could be required, or even narrower, a C++ database
programming expert. Although this example is taken from the case of a soft-
ware company, a similar procedure is applicable to all kinds of organizations
with service activities.

We notice about previously stated requirements that it is most naturally
to express them using linguistic constructs and qualifiers, such as “a not very
busy designer” or “a C++ programming expert”. Such linguistic description
of requirements facilitates their understanding and derivation of decisions in
humans. Compared to the crisp numerical representation, it is also easier to
develop a more reliable solution method based on approximate specifications.
The tool for processing and calculation with expressions in natural language
is fuzzy logic [19].

The idea of using fuzzy logic to describe vague or imprecise inputs was
proposed before in context of customer requirements [20] and used in differ-
ent ways to describe the project requirements [14, 15, 16]. Team formation
based on fuzzy compatibility measures of employees to various project phases
was proposed for multi-phase projects [21]. Fuzzy models are in general an
established approach for human resource management [22].

As a decision making element the fuzzy logic is very popular in various
controllers of domestic, industrial, and traffic appliances. In these devices,
the sensory inputs are transformed into fuzzy values representing real-valued
memberships in different fuzzy sets, a process known as fuzzification. The
membership value of 0.0 denotes complete exclusion from the fuzzy set, while
the value 1.0 denotes full membership. Intermediate values represent partial
inclusion.

8
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Existing team formation models usually presume that the fuzzy skill eval-
uations are provided by department managers or someone alike, but the fol-
lowing reservations arise:

• within organizations with departmental structure evaluations must be
done by several different people, which raises the question of subjectiv-
ity,

• certain attributes like writing skills or teamwork experiences are easier
derived from documented information,

• the information in databases can be immediately and dynamically up-
dated, which is not always the case with the evaluator’s knowledge.

For certain capabilities we can use the existing data about our labor
pool to determine required skill levels of candidates. Examples of quantitive
information, on which the evaluations can be based, are the number and
extent of projects for which some individual exercised the required skill,
numerical grades from tests the firm performed upon hiring new personnel,
records of project deadline or budget under/over-runs, etc. A set of rules
determines which fuzzy attribute depends on which recorded quantity.

As an example let us take an employee with 300 estimated hours on a
four-month project, which is regarded as 47% occupation. We could char-
acterize this as 0.8 moderate occupation or 0.2 increased occupation. A
programmer who worked on 3 successful Java based projects in last 5 years
can be described as 0.3 good and 0.7 very good in terms of Java fluency.
What it means for a project to be successful can itself be described in terms
of fuzzy variables like timeliness of project completion, budget conformance,
and reclamation extent. Likewise, a number and successfulness of common
projects can be used to determine the interpersonal relationships between
the team members, while the number of performed public presentations and
efficiency of projects moderated by someone can be used to approximately
assess his communication skills.

An elementary fuzzy attribute value is derived from a single numerical
quantity. However, complex combinations of properties can be expressed
using the fuzzy rules. In the previous case of occupation, additional condi-
tions could be added to express the degree of employee’s occupation, such
as the number of projects he works on (single, few, or many), their priority
(low, normal, high), or even their current status (beforehand, on schedule,
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behindhand). Similarly, we could assert that the level of ability for being a
project leader depends on the count and percentage of successfully completed
projects, proficiency in the project domain, and communication skills. Fuzzy
rules expressing such project-specific intelligence can be specified on a per
project basis.

In our model we use trapezoidal membership functions to describe the
fuzzy attributes of employees. While Baykasoglu relies on triangular shapes
of fuzzy numbers (except for the team size objective, which is in fact given by
four values), there are two reasons why we decided to use the more standard
quadrilateral form:

1. it better suits the fuzzification process where we need to provide a range
of input values that map to full attribute membership,

2. it facilitates the handling of required overcompetency.

The problem of required overcompetency arises when we are missing an
employee with skills that are perfectly compatible with the project require-
ments, while there are available overcompetent people who could clearly per-
form as well. For example, the project might need an average database savvy
administrator, but we only have an expert at disposal. Interestingly, the ex-
isting approaches based on fuzzy sets do not explicitly address this issue.

We propose a convenient way to manage the required overcompetency
within the frame of fuzzy descriptors. Figure 2 shows the membership func-
tions for the four level attribute P such as “version control acquaintance”,
which depends on the numeric value p such as a number of past projects,
in which the worker used the skill. The membership functions of dominated
skill levels extend into the dominating ranges, which causes that even version
control experts are partially compatible with the requirement for an average
skilled team member. The preference is still preserved though because the
employee with the lowest sufficient skill degree will be selected.

Once the team requirements have been stated, the necessary fuzzy ranks
for the available personnel can be generated using numerical data from the
database. Let us denote by P a certain fuzzy attribute that a team member
should possess (in different degrees for different projects). In terms of fuzzy
logic the property P corresponds to a linguistic variable. Let P 1, P 2, . . . , P n

be the fuzzy levels of the property P that can be distinguished in an individ-
ual — they represent different fuzzy values that the variable P can take on.
Let p designate the quantity from which the value of P is fuzzified. For an in-
dividual i, let p(i) be his numerical value of the quantity p. We can establish
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which levels of the attribute P the employee i possesses using fuzzification
in the following way:

P j(i) =
mP j (p(i))

n∑
k=1

mP k(p(i))
(1)

Here, mP j is a membership function for the fuzzy value P j. The normal-
ization is necessary because the memberships in all levels of the property P
do not necessarily sum to 1 due to the described overcompetency modeling.
The membership value P j(i) is in our model used as a direct measure of in-
dividual’s compatibility with the project requirement for the property level
P j.

Example From figure 2 we can derive that an employee with the value
p = 7 can be described as 0.307 poor, 0.444 average, 0.249 good, and 0
excellent with respect to the attribute P .�

2.2. Specifying the optimization criteria

The automatic team formation is possible based on a formal criteria de-
scription that reflects the previously established project requirements. A
general form for the presentation of criteria used in our model is:

Team size: Nmin − Nmax

Criterion 1:

N1,1 team members with the property level P
s1,1

1,1 and

N1,2 team members with the property level P
s1,2

1,2 and

. . .

N1,m1
team members with the property level P

s1,m1

1,m1

Criterion 2:

N2,1 team members with the property level P
s2,1

2,1 and

N2,2 team members with the property level P
s2,2

2,2 and

. . .

N2,m2
team members with the property level P

s2,m2

2,m2

. . .

Criterion K:

NK,1 team members with the property level P
sK,1

K,1 and

NK,2 team members with the property level P
sK,2

K,2 and

. . .

NK,mK
team members with the property level P

sK,mK

K,mK
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Here, Pi,j denotes an arbitrary fuzzy property like a technical skill or
some other attribute for the i-th criterion. The lower indices are used only
as counters and not to discern the properties so it is possible for example that
the properties Pi,j and Pk,l refer to the same personal attribute of differing
levels. Using an upper index, as in P

si,j

i,j , we denote an arbitrary fuzzy value
(i.e., the level si,j) for the property Pi,j. For clarity reasons we shall omit the
upper index in the rest of the paper, but it will be clear from the context
whether we mean the fuzzy value of an attribute or the attribute itself.

The required team size can be only approximately specified and therefore
subject to another level of optimization. Given that the available resources
allow it, the team size can be increased in favor of additional benefit for an
early finished project. Baykasoglu et al. use the team size as the second fuzzy
objective and define the team selection as a multi-objective optimization
problem. In our model the team size is a crisp constraint with given lower and
upper bound, so instead of treating it as a separate objective, we incorporate
the preference for certain sizes into the team evaluation as will be described
later.

Any property can be a logical combination of several elementary proper-
ties (e.g., “a PHP programmer with basic Oracle knowledge” or “OpenGL or
DirectX expert”), which are to be combined in a single person. We note that
such composed attributes can always be introduced using fuzzy rules on sim-
ple ones, in which case the usual fuzzy evaluation of combined membership
applies.

A single criterion may include several disjoint subconditions targeting
different team member attributes, as shown above. The team members that
were selected based on their adequacy for some property Pi,j cannot be con-
sidered for some other property Pi,k, where j �= k, within the same criterion.
The same team member can however be considered for two different con-
ditions within disparate criteria. This seems natural since the properties
listed within a single criterion usually correspond to one of the two following
situations:

• requirements or allowance for various fuzzy levels of the same feature
(e.g., novice level programmer, intermediate level programmer, expert
level programmer) or

• required capabilities of team members working in parallel project phases,
which can therefore not be combined within the same individuals.

12
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The three-tier criteria construction allows for a flexible description of
properties that must be common to individual team members, separated
among the team members, or freely combinable within the team. In compar-
ison to previous approaches, which usually define project requirements as a
simple list of required skills, our model allows for a much finer determination
of skill combinations.

The total number of team members addressed by any criterion may be
smaller than the minimum team size, but must not exceed the maximum
team size. That is Ni = Ni,1 + Ni,2 + . . . + Ni,mi

≤ Nmax is compulsory,
but no restriction regards the relation of Ni and Nmin. Such setting is useful
because certain requirements may concern only a subset of all team members
while still be combinable with other properties.

Currently there is no temporal information present in the criteria, so every
condition is valid for the entire expected duration of the project. When there
are widely differing needs throughout the project lifetime, it is possible to
treat the project as consisting of several successive subprojects and organize
the teams at appropriate times.

The goal of automated project team formation is to find the team that
maximizes the evaluation based on given criteria. If the criteria are simple
and not conflicting, a straightforward and systematic solution exists. How-
ever, the specifications may posit that we need a Windows programming ex-
pert, while all the team members should also have some degree of knowledge
about Internet technologies. Thus, by choosing the best Windows program-
mer we have, but which has never done programming for the Internet, we
may be lowering the overall team fitness.

It is important to stress that the requirements themselves need not be
inherently conflicting, but it may be that our solution base does not allow
a harmonization of interests. For example, if our criteria asks for N1 team
members with the property P1 and N2 team members with the property P2,
where N1+N2 > Nmax, but we have no available person with both satisfactory
level of P1 and P2, we may have to compromise.

The multiple and sometimes conflicting demands define a complex space
of solutions, among which the globally optimal should be retrieved. The
multi-criteria optimization methods work by finding the Pareto set of so-
lutions and decide on a particular solution using some external selection
scheme. The model of Baykasoglu et al. employs the Zimmerman max-min
approach for this purpose. We decided instead to integrate such selection
into the team evaluation function itself, thereby producing a single objective

13
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for the optimization method. The global optimum is defined as a weighted
sum of criteria evaluations, so the problem is actually converted to a single-
criteria instance.

Considering the possibility of necessary decisions between several subop-
timal team configurations, it is obvious that finding an optimal configuration
is a task beyond the feasibility of a manual solution. In small instance prob-
lems a viable approach would be the exhaustive search through all possible
team configurations. But organizing a team of ten people from a base of one
hundred employees gives 1.7 × 1013 possibilities. This is an unmanageable
amount if we consider the time needed to evaluate each team (as describer
later). What is equally important is that we are usually interested in finding a
very good but not necessarily optimal solution. This is especially reasonable
considering that there is some amount of uncertainty implicitly contained in
the fuzzy input.

2.3. Genetic optimization

One general purpose method for finding near optimal solutions in ex-
tensive domains is genetic algorithms (GA) [23]. Genetic algorithms were
already successfully applied to various problems of criteria-based optimiza-
tion [24, 25, 26, 27, 28, 29].

The goal of GA in our case is to find the project team that optimizes
the fuzzy criteria extracted from initial project specifications. Figure 3 is a
rough sketch of the team selection process with its inputs and outputs. The
details of internal GA working are explained in the continuation.

In population based GA optimization method the current set of teams
constitutes the actual population of chromosomes or samples, each chromo-
some being a set of non-repeating individuals. The genes of the chromosome
are individuals’ designations. The size of chromosomes varies between Nmin

and Nmax, so differently sized chromosomes are grouped into subpopulations.
All subpopulations contain the same number of chromosomes, which is one
of the parameters of GA. Each subpopulation evolves independently accord-
ing to the island GA principle. Because direct migrations of samples among
islands are not feasible owing to incompatible sizes, we incorporate a special
mixed crossover into the evolutionary process. In a mixed crossover, which
occurs with some probability rx, the two chromosomes from different islands
are combined in such a way that the complete genetic material of the shorter
chromosome replaces an equally sized part in the longer chromosome (figure
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4). The selection probability is proportional to the relative chromosome fit-
ness compared to the target island, as normally for crossover or migration
processes. The difference between migration and such mixed crossover is that
in the latter case the exchange is bidirectional.

When the criteria are declared in the form shown before, the evaluation of
a chromosome can be a complex task in itself. To establish the team’s fitness
to some criterion i, we need to find the optimal distribution of the properties
Pi,j among the team members, such that every person gets evaluated by
at most one property and that the sum of personal appraisals is maximal.
Because the criterion can relate to a proper subset of team members, some
genes may not be considered at all in the evaluation.

Let fi(c) denote the fitness of the chromosome c = (g1, g2, . . . , gN) with
respect to the i-th criterion that sounds “Ni,1 team members with the prop-
erty level Pi,1 and Ni,2 team members with the property level Pi,2 and . . .
and Ni,mi

team members with the property level Pi,mi
”. Here, gj is the j-th

gene of c (j = 1, . . . , N) and N is the chromosome size (Nmin ≤ N ≤ Nmax).
We calculate fi(c) using the following algorithm:

1. fi(c) = 0

2. for each ordered partition

ci,n = (g1
i,n, g2

i,n, . . . , gN
i,n) of genes in c do

(a) calculate the fitness of ci,n as

fi(ci,n) =

Ni,1∑
j=1

mPi,1
(gj

i,n) +

Ni,1+Ni,2∑
j=Ni,1+1

mPi,2
(gj

i,n) +

+ . . . +

miP

k=1
Ni,k∑

j=
mi−1P

k=1
Ni,k+1

mPi,mi
(gj

i,n)

(b) if fi(ci,n) > fi(c) then set fi(c) = fi(ci,n)

3. return fi(c) as the fitness of c with respect to the i-th

criterion
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The function mP (g) in above formula refers to the membership value of
the gene g (i.e., the employee with the designation g) for the property P .
The value of fi is calculated over all ordered partitions of chromosome genes.
The ordered partition of a set of genes with respect to the i-th criterion is
any partition of that set into a sequence of mi + 1 mutually disjoint subsets
ci,n = (c1

i,n, c
2
i,n, . . . , c

mi+1
i,n ). The order of elements within the subsets is not

important, but the order of subsets themselves is. The number of genes
in the subset c

j
i,n is Ni,j and they are evaluated by the property Pi,j. The

extra subset c
mi+1
i,n contains Ni,mi+1 genes that are not being evaluated. Its

evaluation is always 0 and it is nonempty only if Ni,1 +Ni,2+ . . .+Ni,mi
< N ,

where N is the chromosome size. Shuffling the elements within the subsets
does not change the final evaluation.

The total number ni,max of ordered partitions of a chromosome with re-
spect to the i-th criterion is given by the following equation:

ni,max =
N !

Ni,1! · Ni,2! · · ·Ni,mi+1!
, (2)

By iterating through all of the ordered partitions of chromosome genes
we cover all possible chromosome evaluations. The final fitness value for the
i-th criterion is the maximum value of fi(c) achieved and the total fitness of
the chromosome c is the sum over all criteria.

Example Suppose we have a team of size 4 consisting of the individuals
A, B, C, and D. The calculated compatibilities of team members with
respect to the the property P with the fuzzy levels P 1 and P 2 and the
property Q with the fuzzy levels Q1 and Q2 are shown in table 1.

Table 1: Example — property shares of team members

Employee P 1 P 2 Q1 Q2

A 0.3 0.7 0.2 0.8
B 0 1 0.5 0.5
C 0.8 0.2 0.9 0.1
D 1 0 0.3 0.7

Let some criterion i look like “2 team members with the property level
P 1 and 1 team member with the property level Q1”. In this case, there are
12 ordered partitions of the chromosome c with the genes A, B, C, and D.
The evaluations of those ordered partitions with accordance to the criterion
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i are given in table 2. The maximum value of the chromosome c with regard
to the criterion i is therefore fi(c) = 2.3. �

Table 2: Example — chromosome evaluation

n ci,n fi(ci,n)
1 (A, B, C, D) 0.3 + 0 + 0.9 = 1.2
2 (A, B, D, C) 0.3 + 0 + 0.3 = 0.6
3 (A, C, B, D) 0.3 + 0.8 + 0.5 = 1.6
4 (A, C, D, B) 0.3 + 0.8 + 0.3 = 1.4
5 (A, D, B, C) 0.3 + 1 + 0.5 = 1.8
6 (A, D, C, B) 0.3 + 1 + 0.9 = 2.2
7 (B, C, A, D) 0 + 0.8 + 0.2 = 1
8 (B, C, D, A) 0 + 0.8 + 0.3 = 1.1
9 (B, D, A, C) 0 + 1 + 0.2 = 1.2
10 (B, D, C, A) 0 + 1 + 0.9 = 1.9
11 (C, D, A, B) 0.8 + 1 + 0.2 = 2
12 (C, D, B, A) 0.8 + 1 + 0.5 = 2.3

We can also prescribe some external rating h(c) to account for the ad-
ditional desired properties of the project team. Among such properties are
those that cannot be evaluated as a sum of individual properties of team
members, e.g., collaboration history of team members, their collocation, etc.
Preferences for certain team sizes can be a component of h(c) as well. The
combined final appraisal of chromosome c is then:

f(c) = h(c) +
K∑

i=1

fi(c) (3)

The exact chromosome fitness evaluation can be a lengthy process, be-
cause its complexity grows with O(N !), where N is the chromosome size. For
large problem instances, the required processing time can grow prohibitively
long. We note that in case of a simple criterion, which requires maximiza-
tion on a single property, the value fi can be found by sorting the genes on
that property and using the best genes. For chromosomes of any moderate
size, this is faster than using the iteration through all the partitions. In fact,
the same approach can also be used with complex criteria to quickly evalu-
ate whether the chromosome is any good at all and thus worth of detailed
evaluation.
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The approximate chromosome evaluation according to some complex cri-
teria can be performed by sorting the genes on all involved properties and
summing the memberships of a proper number of best genes. The value thus
achieved will always be greater than or equal to the true chromosome value,
because the same genes may be superior on all properties and therefore in-
correctly used for multiple subcriteria grades. However, if the approximate
chromosome value does not exceed some experimentally chosen share β (e.g.,
75% of the maximum possible value fmax) then the chromosome is bad and
we may abandon exact evaluation. The proportion γ of the chromosome’s
approximate value (e.g., 50% of it) is returned instead. This is practically
justifiable because poorly evaluated chromosomes tend to disappear from
the population anyway, but may still contribute a small portion of genetic
material into good solutions.

Example Returning to the previous case from table 1 let the only cri-
terion be such that it asks for “3 team members with the property level P 2

and 1 team member with the property level Q1”. Sorting the team mem-
bers by the properties P 2 and Q1 and considering the best three and one,
respectively, we arrive at the upper bound for the chromosome value at
f(c) = 1 + 0.7 + 0.2 + 0.9 = 2.8, which is less than β = 75% of the the-
oretical maximal value fmax = 4. Using γ = 0.75, we return the approximate
chromosome value f(c) = 2.1 instead. The true chromosome value obtained
by evaluating all ordered partitions of genes is 2.6.�

In some real-life scenarios we need to assign the available personnel to sev-
eral concurrently running projects or subprojects within the same covering
project. The latter case is more complicated because of possible interdepen-
dencies (e.g., the subproject A must be completed before the subproject B
can start), but this also enables optimizations in work distribution.

Regardless of that, we propose the approach of island cooperative coevo-
lution for the formation of project teams. The idea is that the optimal team
for each of the concurrent projects is developed with an island genetic algo-
rithm. The fitness of one project team in isolation from the other projects is
determined in the same way as before using equation 3.

Such isolated evaluation may not be a good measure of team’s fitness
considering other simultaneous projects. The possible problem is that the
fittest individuals will be claimed by all project teams. We need to optimize
the distribution of people over all the projects, so the optimization works
over the common solution. Consider a project A consisting of subprojects
A1, . . . , AT . Then every common solution is represented by the chromosome
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c
(A)
k , which encodes multiple (sub)project teams in the following way:

c
(A)
k =

(
c

(A1)
k , . . . , c

(AT )
k

)
, k = 1 . . .M (4)

Here, M is the size of the main population of joint chromosomes and
each c

(Ai)
k is the partial chromosome encoding the team for the subproject

Ai. Partial chromosomes are developed by separate island GAs. There are
many chromosomes independently evolving in the subpopulations and then
being combined into a population of common solutions.

The selection of chromosomes from each subpopulation that go into the
combined solution is based on a proportional scheme using the chromosomes’
fitness values within the subpopulations. Let Mi denote the subpopulation
size used by the island GA for the subproject Ai. The probability p(c

(Ai)
j )

that some chromosome c
(Ai)
j from that subpopulation will be selected for the

combined solution is:

p(c
(Ai)
j ) =

f(c
(Ai)
j )

Mi∑
k=1

f(c
(Ai)
k )

, j = 1 . . .Mi (5)

The fitness of every combined chromosome c
(A)
k is calculated by:

F (c
(A)
k ) = w0H(c

(A)
k ) +

T∑
i=1

wif(c
(Ai)
k ), k = 1 . . .M (6)

The term H(c(A)) is an “ad hoc” bias of the evaluation function that
penalizes the overwork or uneven occupation of the available staff over the
compound of subprojects. Calculation of H can be a complex procedure
if we want to allow the possibility of concurrent work on several projects.
When there is no obvious advantage of simultaneous formation of teams over
the sequential one, the use of latter can significantly reduce the complexity
of fitness evaluation. In this case, the database is supplemented after each
team is established and the updated information is available for the next
team formation.

The user-defined weights w1 through wT in equation 6 are used to reflect
the relative importance of subprojects. To preserve the significance of bias,
the weight w0 is best set to

w0 = α

T∑
i=1

wi, (7)
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where α is a real-valued constant.
The fitness of the joint solution is reversely used to perform the selection

of parents for crossover within the subpopulations. The probability that the
chromosome c(Ai) will be selected for crossover in subpopulation pertinent to
the subproject Ai is proportional to the average fitness of the joint solutions,
in which the chromosome participates:

p(c(Ai)) =

M∑
k=1,

c
(Ai)=c

(Ai)
k

F (c
(A)
k )

M∑
k=1

F (c
(A)
k )

(8)

Example Suppose that the main population consists of 1000 combined
chromosomes and the sum of their evaluations (i.e., the denominator in equa-
tion 8) is 3152. Let the chromosome c(Ai) take part in 12 of combined chro-
mosomes, whose values total to 56. Then the probability that chromosome
c(Ai) will be selected for any crossover in its own subpopulation equals to
56/3152 ≈ 1.78%.�

3. Experimental results

To assess the computational tractability and efficiency of the genetic
search, we tested the operation of our algorithm on a set of artificially con-
structed domains. We report the results obtained on three domains of dif-
ferent sizes. The comparative table 3 shows the relevant parameters of scale
for the three domains.

Table 3: The experimental domains

Domain No. No. No. Team No. No. Team Max.
pers. prop. proj. size(s) crit. subcrit. comb. value

1 100 5 1 8-12 3 6 1.2E+15 23.63
2 300 20 4 3-6 13 20 8.9E+40 44.19
3 1000 20 10 2-8 27 41 7.1E+105 111.35

The table shows the number of personnel and the number of skills they
were evaluated by in the second and third column. The fourth and fifth col-
umn list the number of concurrent projects for each domain and the range
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of team sizes these projects define. The total number of criteria and their
subcriteria for all projects are shown in the table together with the count of
different possible team formations (considering no sharing of project mem-
bers). The maximum theoretical value of common solution for all projects
in the domain (as calculated by equations 3 and 6) is also given in the last
column. To calculate this value we assumed perfect fulfilment of each project
requirements using the minimal number of team members:

f(c(Ai)) =

(
1 +

1

N
(Ai)
min

)
K∑

j=1

mj∑
k=1

Nj,k (9)

We discouraged the sharing of staff among multiple parallel projects in
domains 2 and 3 by using the number of shared genes for H(c

(A)
k ) in equation

6 with the negative weight w0 (obtained by setting α = −0.1 in equation 7).
We also treated all projects as equally important (i.e., wi = 1 in equation
6). We favored smaller teams through the positive bias value h for team
evaluation in equation 3 that was inversely proportional to the team size.

The following parameter values of the genetic algorithm were used:

• the maximum number of generations was 500,

• subpopulation sizes for all subprojects were Mi = 100 chromosomes
(the same size was used for all islands),

• the main population size of combined solutions was M =
∑

i vi × Mi

chromosomes, where vi = Ni,max −Ni,min is the number of islands used
for the subproject Ai,

• the best 10% of population was used for elitism,

• the crossover rate was rc = 90%,

• the mutation rate was rm = 5%,

• the share of mixed crossover among islands was rx = 20%,

• the multiplier for approximate chromosome evaluation was γ = 0.75.

The genetic algorithm was stopped and the solution returned when either
of the following two conditions was met:
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• the number of generations reached the maximum given number or

• the value of the solution exceeded some adequacy level expressed as a
percentage δ of the maximum possible value.

Table 4 summarizes the results obtained on the three domains using dif-
ferent values for δ. With δ = 1 the algorithm ran for the maximum number
of generations. The best value found in ten runs of the genetic algorithm
and the average time required to find the solution are listed.

Table 4: The results
Domain δ Best found solution Time (min)

1 22.94 47
1 0.95 22.7 5

0.9 21.56 2

1 44.15 2
2 0.95 42.17 0.05

0.9 40.99 0.02

1 109.02 11.5
3 0.95 106.28 1.5

0.9 100.36 0.3

The time results in table 4 were acquired with no optimization. Using
the approximate chromosome evaluation as described before with the limit
β = 75% of maximum project value resulted in average time reduction of
15%, while β = 90% produced 40% of average gain in running time. All
measurements were performed on an Intel-based PC with 2.8 MHz CPU and
1 GB of RAM.

As a practical experiment, we used a simplified version of the proposed
team management system for the problem of formation of student project
teams. Similar research suggests that this is an interesting instance of team
formation problem [30, 31]. A class of students in the fourth year of study has
to be divided into several teams working on computer animation projects.
The projects combine the knowledge from several fields covered by previously
visited lectures, most notably programming (C++ and/or Java), algorithms,
computer graphics, and linear algebra.

This particular problem instance is an example of the previously described
concurrent teams formation with very restrictive conditions — each student
must belong to exactly one team. Therefore the bias function from equation
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6 was used that severely punished all occurrences of sharing a student among
the projects.

The established way of manual team formation is quite simple — the
students themselves group into teams based on mutual acquaintance and
previous cooperation. They are also allowed to divide the work according to
their preferences. While these are quite valid criteria, the so formed teams
are rarely optimal in terms of project requirements. This results in finished
projects that are well realized in some parts and poorly in others. We con-
jecture that this is due to the unbalanced interests and capabilities of the
project team. The deviation of project implementation times also varies
considerably, indicating the non-uniform distribution of skills.

The evaluation of students according to the project requirements was done
based on their previous work and grades. There were 12 capabilities being
evaluated and classified into one of the three fuzzy levels — poor, medium,
or good. Nine of those capabilities were derived directly from the numerical
data. Those are the evaluation of promptness, aptness at work documen-
tation, knowledge of C++, Java, OpenGL, math, algorithms, distinction in
simulation modeling, and artificial intelligence. The three remaining capa-
bilities — suitability for a project leader, general programming skills, and
proficiency in graphical simulations — were defined using fuzzy rules on the
nine basic features.

Predefined constant sizes can be determined for the project teams in
accordance with the expected workload, so no optimization was done in this
respect. The criteria were manually adjusted for each project specifications,
but every project included a leader, a graphics programmer, and someone to
take care of documentation.

While such a small-scale problem of student teaming is not very repre-
sentative of the management difficulties that large corporations must match,
it still confirms the benefit of using the intelligent team management system
like the one presented in this paper. This manifested in the following ways:

• a raise in the average student grade achieved on the projects compared
with the previous year,

• the drop in the standard deviation of project durations, and

• the more balanced quality of realization across project components.

Although moderate and subject to generational differences, a concordant
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advance in these three areas motivates us to extend the future use of the tool
to improve the organization of student projects.

4. Conclusion

The proposed team formation model makes up for some shortages of
previous models. In particular, our model uses fuzzification to automatically
obtain fuzzy skill assessments from numerical data. The employee database
is continuously updated so the competency dynamics is accounted for. We
introduce a special form for project requirements specification, an aspect
mostly overlooked in the past. The definition of complex skills is allowed
using fuzzy rules and the necessary overcompetency is acknowledged. An
island genetic algorithm is used to find the optimal solution for problems of
scale that surpasses previous attempts.

Our model is essentially a single-objective optimization method. Al-
though multiple criteria are internally used to define this objective (i.e.,
compatibility of team member skills to project requirements), the global
optimum is well defined. This facilitates the extraction of such solution, but
is a limitation in cases where many independent fuzzy objectives exist. An-
other restriction of our current approach is a disregard for crisp constraints
like budget limits and deadlines used by some previous approaches.

What is also desired is a more detailed segmentation of project activities
as used by Baykasoglu et al. in their approach. This could be accomplished
by integrating the temporal information into the fuzzy criteria. If the time
of execution of different project stages can be reliably determined, the be-
forehand reservation of skilled team members for limited periods of time is
possible.

The described fuzzy-genetic team formation module is decoupled from
later stages of project management. We considered a batch team formation,
in which the whole project team is constructed before the project starts. This
is possible when the project specifications are adequately detailed and stable
and when the nature of the project allows at least a speculative planning
for the whole project lifetime. Unfortunately, many real-time projects are
not like that so the teams must be frequently supplemented. This calls for a
tighter integration of the automated team formation support with the rest of
the project management phases. In that case no changes are required to the
fuzzy part of the module, but the genetic part may require some adaptation
to perform the incremental team optimization.
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In the future we shall also consider the possible automation of conver-
sion from formal project specifications to the fuzzy criteria required by the
proposed team management system. A potential way to achieve this could
be by using the cultural evolutionary algorithms to derive the optimal fuzzy
criteria based on experiences from previous conversions.

The applicability of the described system is not confined to project man-
agement. An automatic decision support system like the one presented in
this paper is adaptable to a larger group of problems of parallel resource
allocation, especially if it is easier to describe the requirements in a linguistic
form and the systematic solution is time-expensive.
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