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Abstract. The composition and formation of effective teams is crucial for both companies,
to assure their competitiveness, and for a broad range of emerging applications exploiting
multiagent collaboration (e.g. human-agent teamwork, crowdsourcing). The aim of this article is to provide an integrative perspective on team composition, team formation and their
relationship with team performance. Thus, we review and classify the contributions in the
computer science literature dealing with these topics. Our purpose is twofold. First, we intend
to identify the strengths and weaknesses of the contributions made so far. Second, we pursue
to identify research gaps and opportunities. Given the volume of the existing literature, our
review is not intended to be exhaustive. Instead, we focus on the most recent contributions
that broke new ground to spur innovative research.
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Introduction

In the last decades, there has been increasing interest in team-based work structures together with a focus on organisational efficiency [16]. On that account, team composition
and formation research is of interest to many fields of science, also of computer science,
especially within the area of multiagent systems (MAS). In this paper, our understanding of team composition and formation differentiates from the definitions provided by the
multiagent field. We define team composition as the process of deciding which agents will
be part of a team. We understand team formation as the process undertaken by agents to
learn to work together in a team, and through this learning decide the roles and internal organisation of the team. Our definition of team formation is in line with the organisational
psychology literature, which differentiates between the team composition and formation
processes [16, p.16].
The aim of this article is: (i) to determine dimensions that will help to classify MAS
literature; (ii) to survey the most recent contributions in the literature on team composition and formation according to identified dimensions; and (iii) to identify research gaps
and opportunities by classifying the current state-of-the-art on team composition and formation.
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In order to structure our analysis, we have identified several dimensions that will help
us dissect the contributions in the literature:
1.
2.
3.
4.

WHO is concerned? The properties of the agents involved.
WHAT is the problem? The features of the task to complete by a team.
WHY do we do it? The objective function to optimise when composing/forming a team.
HOW do we do it? The organisation and/or coordination structure adopted by the
team in charge of performing a particular task.
5. WHEN do we do it? The dynamics of the stream of tasks to be completed by agent
teams.

Overall, our analysis of the literature indicates that MAS research focuses on building
systems whose agents interact to achieve a common objective or exploit each other features to achieve self-interested goals. The concept of agent teams is quite simplistic and
it does not include the whole complexity of aspects considered by the organizational psychology (OP) literature. For instance, OP assumes that human capabilities are necessarily
dynamic [17] (evolve along time) so that teams can successfully perform tasks in dynamic
real-world scenarios and in a variety of contexts. Furthermore, OP observes that the quality
of human resources (e.g. motivation, satisfaction, commitment), the ability of individuals
to learn new capabilities, and the context constraining a team significantly influence its
performance [25, 26, 11, 12]. The MAS literature has typically disregarded significant organizational psychology findings, with the exception of several recent, preliminary attempts
(such as [10], [13], [3]). However, our analysis of the literature indicates that Computer
Science (CS) and OP exhibit also some similarities. One of the crucial findings in CS that
has been confirmed by organizational psychology studies [32] is that team members have
to be heterogeneous to maximize team performance. When modeling agents, similarly to
OP, the Computer Science (CS) literature considers two main approaches: either there is
complete information about the properties of each agent; or agents are capable of learning
about their teammates through repeated interactions. We believe that further analysis of
the OP literature could be beneficial to CS.
For a long version of this article, containing both a review of the OP literature review
and a detailed description for each dimension above, we refer the reader to [4].

2

Dimensions to analyse the state of the art

In this section we describe the meaning of each of the dimensions identified in the introduction above.
2.1

WHO is concerned?

MAS research mainly focuses on the interaction among intelligent agents. In the team
composition and formation literature, the focus is on the interaction of cooperative and

heterogeneous agents. That is, agents who share a common goal, but have different individual properties. Here we classify the literature depending on the agents’ individual
properties along two dimensions: capacity and personality.

2.1.1 Capacity: individual and social capabilities of agents. In many domains,
a capability is defined as a particular skill required to perform an action. The capacity
dimension has been exploited by numerous previous works [2, 6–8, 18, 23, 24, 28]. The majority of these approaches represent capabilities of agents in a Boolean way (i.e., an agent
either has a required skill or not). When modeling agents’ properties, many existing approaches typically assume extensive a-priori information about teammates (e.g. [2, 8, 15, 28]
just to name a few). This is a strong limitation for real-life settings. Notice that in many
companies there is no central and extensive knowledge about all employees’ capabilities.

2.1.2 Personality: Individual behaviour models. Very recently some MAS contributions have started to consider the notion of personality, i.e. individual behaviour model,
to compose heterogeneous teams [1, 3, 5, 9, 10, 13, 20–22]. We observe an increasing interest
in building more realistic models considering agents’ behavioural patterns.

2.2

WHAT is the problem? The notion of task

In its most general sense, a task is a course of action to achieve a goal. The execution of a
task is then usually equated to the execution of an action plan. In the team composition
and formation literature it is often the case that simplifying assumptions are made and
tasks are assumed to be solved by simple action plans. For instance, an action plan can
be seen as a set of actions, or even as a set of competences. Thus, we identify two main
approaches: individual-based and plan-based.

2.2.1 Individual-based approaches. Given a task, it is generally assumed that if the
joint capabilities of agents in a team fulfill those required by the task, then the team is
capable of solving the task. Existing work on team composition focuses on two categories of
individual properties: capacity and personality. Regarding capacity, there are many models
in the MAS literature that define a task as a set of requirements on agents’ capacities.
These requirements are either direct (a task makes explicit a set of demanded capabilities
[2, 7, 8, 23]), or indirect (sub-tasks are matched to agents’ capacities [24] or task complexity
levels are matched to graded agents’ capabilities [6]). Regarding personality, some works
define task types and match them with different personalities [10, 9]. Others highlight the
importance of diversity in personalities within a team [3] or communication style (associated
with personality type) [13].

2.2.2 Plan-based approaches. The notion of task in plan-based approaches is normally understood either as a set of actions or as a sequence of actions that are assigned to
the individual members of a team. Some authors [5, 1] employ an indirect planning method
driven only by the most informed agents to solve a set of actions. Other approaches consider a task as a sequence of actions and let all agents in a team jointly vote on the possible
alternatives from a discrete set of possible actions [20, 22, 21].
2.3

WHY do we do it? The objective(s)

The motivation of individual efforts or actions is to attain or accomplish a certain state
of affairs: a goal. A large body of the literature proposes team composition and formation
algorithms to attain at least one of the following team objectives: minimizing overall cost
(e.g. cooperation cost, team cost), maximizing social utility, or maximizing the quality
of an outcome. Regarding the first objective, there are various costs associated with team
composition and formation problems (e.g. communication costs, or agent service costs). The
reviewed models in the MAS literature minimizing overall cost [8, 15, 23] compose teams
based on individual competences, though do not take into account individual motivations
to complete some assigned task. A second objective considered in the team composition and
formation literature is maximizing social welfare. That is, maximizing the utility function
of a team. Typically, the utility obtained is then allocated to the individual members of the
team [1, 6, 7, 10, 30]. The literature focusing on maximizing social welfare considers both
agent competences and motivation. Motivation increases by making agents compete (like
in crowdsourcing teams [30]), or by giving agents the freedom to select their collaborators
(like in [6] or [1]). Finally, researchers in MAS propose a number of methods where agents
try to maximize the quality of solutions whilst minimizing the time to achieve them, namely
to maximize team performance [3, 13, 18–20, 24, 29]. To do this, one of the crucial findings
in CS is that team members must be heterogeneous. Further variables that have been
used by computer scientists in the area of MAS to compose teams are: agent reputation
[24], personality of humans and agents [3, 10, 20], synergy between team members [19], and
feeling of fairness among team members [29].
2.4

HOW do we do it? The organisation

There are two aspects to be considered while discussing the societal structure of teams,
that is: which agents will be members of a team, and how teams will be organized to solve
tasks.
2.4.1 Team Composition is the process of deciding which agents will be part of a
team. Although team composition in MAS has mainly focused on building teams of software agents, that is, agent teams, there is a growing number of works considering either
mixed teams [13], where agents and humans cooperate to achieve common goals [27], or
human environments, where people are supported by software [14]. In MAS, we distinguish

between two groups of methods (or processes) to compose teams: exogenous and endogenous. Exogenous team composition is when there exists an algorithm external to the agents
that determines the composition of teams. The majority of reviewed works focuses on these
methods to compose either the best team for a given task [8, 23, 19, 28, 7] or a set of teams to
solve an incoming set of tasks [2, 3, 9, 31]. Endogenous methods for organizing teams incorporate algorithms enabling agents to decide on team composition by themselves. In detail,
agents are equipped with negotiation and decision-making mechanisms that they employ
to agree among themselves on a team structure [10, 24, 6]. Therefore, team composition
occurs without explicit external command and in a distributed manner.
2.4.2 Team Formation is the process of deciding the roles and internal organisation
of a team. This organisation can be imposed or be the result of self-organisation. The
resulting organisations can be categorized as hierarchical or egalitarian. A hierarchical
structure considers a team leader who is responsible for and makes the decisions affecting
the team. This organisation type is imposed by defining two or more types of agents (such
as requesters and contributors [10], mediators and workers [24], or best-response agents
and ad-hoc agents [1]). An egalitarian structure assumes that all workers in a team are
equally informed and have the same rights. The leadership within a team is shared and
existing team roles result from the team’s task requirements. We find this team structure in
Groupsourcing [30], Robust Teams [8, 23], Ad-hoc teams [5–7], Mixed Teams [13], Learning
Teams [18, 19] or Voting Teams [20–22].
2.5

WHEN do we do it? The dynamics

The literature on team composition and formation mostly considers that tasks are static
in the sense that their requirements do not change during their execution. However, some
works consider that there is a stream of tasks that dynamically appear to be completed.
Thus, there could be multiple tasks to be solved concurrently and new tasks may arrive in
an asynchronous, localized manner. The different works in the literature consider different
issues in this dynamic process. For instance, the number of tasks to be serviced, task and
team members localization, team size per task or time limitations. Hence, the literature can
be classified depending on two main aspects: the succession of tasks and the concurrency
of tasks.
The simplest case is represented by a one-shot task. There is neither succession nor
concurrency, and hence the problem of team composition is normally reduced to finding
the best team for the only task [8, 15, 23, 28]. When tasks come in sequence without concurrency, then the problem can be reduced to finding the best team for each task while
using the learned experiences in the composition of each new team [2, 19]. If tasks come
in succession and can be simultaneous, the need for dealing with multiple teams acting
at the same time becomes the key issue. Finally, the succession of possibly simultaneous
tasks represents the most complex scenario [6, 7, 10, 24]. Here memory becomes a crucial

element as it lets agents learn from the past experiences and build their beliefs based on
this knowledge.

3

Discussion

The aim of this article is to review the most recent, representative and relevant literature on
team composition and formation and identify research gaps and opportunities for further
research. In this final section, we focus on identifying research opportunities:
– Establish a connection with the OP literature. A goal of organizational psychology is to improve organizational performance by placing the right people in the right
jobs, thus enhancing the fit between the individual and the organization. This includes
the methods for building effective teams. Nevertheless, research on team composition
and team formation in CS and OP has evolved separately. The MAS literature has
typically disregarded significant OP findings, with the exception of several recent, preliminary attempts (like [3], [10] or [13]). This body of research has focused on algorithms
that help automate team formation and composition. Heuristics for team composition
and formation investigated by the OP literature have much potential for MAS research.
– Exploration of complex agents. The CS literature is in need of analysing more
complex examples where humans are modeled as agents. While some of the human
properties may not make sense in an agent context, some do. For instance, the dynamics of competences through learning and experience and the cultural values could be
used to program more sophisticated agents, specially when interacting in mixed teams
involving humans. Additionally, OP research highlights motivation as an important
factor for team performance [12]. The majority of MAS literature on team composition
and teamwork assumes that agents always behave according to their capabilities and
knowledge. While in MAS research it is shown that motivation increases by introducing
competition mechanisms (like in crowdsourcing teams [30]), or by giving agents freedom when selecting their collaborators (like in ad-hoc teams [1]), there are only early
attempts to include agents’ motivation as an important factor for team performance.
– Study of plan-based approaches. Regarding the tasks that are executed by agent
teams, CS focuses on team members’ properties required to perform a task rather than
on a detailed planning of task execution. The majority of approaches assume that the
joint capabilities of agents in a team are enough to solve a given task. There are some
preliminary attempts to include planning, though they are very simplistic. The majority
of methods do not consider time constraints, action dependencies, action failure, plan
robustness, task dynamic changes and hence, the vast literature on planning has not
yet been integrated into team formation methods.
– Exploration of complex approaches for task execution. Since in CS agents can be
engineered depending on the needs (i.e. agents can be designed with different properties,
such as personality or memory, depending on the whole system design), researchers
can study different settings depending on the dynamics of task arrival (one task or

many, one time or many). The CS literature uses complex scenarios to let agents build
their beliefs based on past experiences and compose new teams according to these
learned beliefs. However, while executing tasks, there are no contributions that explore
successive or simultaneous settings. Hence, the state of the importance of agent learning
when executing tasks.
– The study of team properties. Although individuals’ properties have been extensively studied and considered, there is still a need for modeling the global properties
of agent teams. Such modeling should go beyond considering simple properties such as
the sum of the agents’ individual capabilities or the Boolean representation of whether
the team can perform a task or not.
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