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Abstract Multi-agent simulation is applied to explore how different types of task vari-
ety cause workgroups to change their task allocation accordingly. We studied two groups,
generalists and specialists. We hypothesised that the performance of the specialists would
decrease when task variety increases. The generalists, on the other hand, would perform
better in a high task variety condition. The results show that these hypotheses were only
partly supported because both learning and motivational effects changed the task allocation
process in a much more complex way. We conclude that although no task variety leads to
specialisation and high task variety leads to generalisation, in general, performance is better
when task variety is low. Further, in case of no task variety, specialists outperform generalists.
In case of moderate variety the opposite is true. With high task variety, since there is no space
for any expertise and motivational development, the behaviour of specialists and generalists
becomes more similar, and, consequently also their performance.

Keywords Multi-agents system · Specialisation-generalisation · Self-organisation ·
Psychological theory · Task allocation

1 Introduction

Should one hire specialists or generalists to maximise group performance? This question still
puzzles personnel managers and organisational scientists alike. Well known by
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practitioners and scientists is that group performance depends on many factors. Both task
factors, such as the number of skills required, rotation schedules and variability in tasks, as
well as human factors such as expertise, learning, motivation and boredom have been found
to affect group performance (for an overview see, for example, [27]). Whereas the effects of
separate variables—or limited combinations—have been empirically investigated by many
researchers, e.g. [1,9,21,22,25], it is difficult to derive empirical based conclusions on how
the combination of these variables affects the performance of a team of experts versus gen-
eralists. Social simulation offers a methodology to systematically explore a large number
of conditions, and thus may contribute to deriving such conclusions [8]. In this paper we
explore how task and personnel factors jointly affect the performance of teams consisting of
specialists or generalists.

The social simulation approach we follow here typically tries to explain group processes
from a bottom-up perspective. This approach originates from complexity theory and employs
multi-agent simulation as a methodology to describe higher order developmental and adap-
tation processes in terms of local interactions [2,7,12,18], see also [4,8]. In general, most
simulation models concerning processes within task groups or teams focus on abstract com-
putational and mathematical descriptions, e.g. [19,20] or use a so-called bounded rationality
approach, e.g., [13]. Psychological theory that for instance focuses on the influence of motiva-
tional related effects such as boredom, fatigue, etc. however, is less emphasised. Nevertheless,
it is well known that motivation strongly influences processes within work groups [9], see
also [25].

In this study we want to investigate the relationship between motivational processes and
task performance by using a formalised psychological description of these variables and
their interrelatedness. Because of the lack of such a formalised description, we developed
WORKMATE, a computer simulation model that simulates self-organising processes of task
allocation. WORKMATE is able to analyse the way a workgroup adapts to changes of the
tasks it must perform. There are a lot of approaches related to task descriptions and perfor-
mance [11,22,24]. Our description is based on Wood [26] who states that task changes can
be described in terms of component complexity of tasks, i.e. changes of the contents of tasks
in time. The adaptation process of the group is described in terms of task allocation, a process
being affected by task characteristics and team member characteristics. With respect to the
latter we focus on the expertise and the motivation of the individual team members.

We compared two groups, a group of generalists, i.e. agents using all skills necessary
to perform a task, and a group of specialists, i.e. agents using only a small subset of skills
necessary to perform a task. We focussed on the way they both adapt to task changes and on
their performance.

In the next section of the paper, Sect. 2, we focus on the theories, models and their for-
malisation, which form the basis of WORKMATE. WORKMATE is used to test a number
of hypotheses concerning the relation between task dynamics and performance differences
of groups of specialists and generalists. The third section describes the experimental design
and the parameter settings. Next, in Sect. 4, we describe the results and we end up with
conclusions (Sect. 5) and a discussion (Sect. 6).

2 The model

WORKMATE is a deterministic discrete event based simulation program for simulating self-
organising processes of task allocation that is developed in DELPHI6 (see also [29,30]). In
this section we shortly describe the theoretical framework WORKMATE is based on.
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Fig. 1 Representation of a
generalist and specialist
performing a task

2.1 Tasks and task dynamics

A task is considered as a set of actions, i.e. subtasks, in such a way that each action requires a
single skill [11,22,24]. Each action must be performed a number of times, i.e. cycles, before
the whole task is finished. In this way, a task can be represented as a matrix of actions (what)
and cycles (how often) (See Fig. 1). This paper deals with the relation between task allocation
and performance under conditions of task dynamics. The use of the concept of task dynamics
implies that agents must perform multiple tasks in a serial way. According to our model the
performance of multiple tasks in a serial way means that agents may only start with a new
task if the former task has been finished.

Task dynamics refer to the speed in which tasks change over time [26], see also [22]. In
our study task dynamics consists of two components, task variety and number of tasks and
cycles. Task variety refers to the differences between every next task in relation to the former
one with respect to the actions required to complete the task. Number of tasks and cycles
refers to the size, i.e. number of cycles, of a single task and the number of tasks that must be
performed. For instance, given a task variety of 1, performing 2 tasks, each consisting of 100
cycles, implies lower task dynamics than performing 8 tasks, each consisting of 25 cycles. In
the first example after 200 cycles one new skill has been used whereas in the second example
after 200 cycles the agents have used seven new skills.

Figure 1 represents a task consisting of 3 actions, a, b, c and 3 cycles, 1, 2 and 3. Thus,
3 actions need to be performed 3 times before the complete task is finished. The agents
may perform the task in a number of ways, for instance cycle by cycle, action by action,
or something in between. The possible ways a task can be allocated are bounded by two
general allocation types, generalisation and specialisation. We define generalisation as the
multi-functionality of agents, i.e. the agents use all their skills, which in combination are
sufficient to complete the task. Specialisation is defined as a clear preference of the agents
for a subset of the skills, i.e. one or two skills which do not cover all the skills necessary to
complete the whole task (see Fig. 1).

The horizontal arrow represents the task allocation process of a single agent being a spe-
cialist. He performs all cycles of a single action, needing only one single skill. The vertical
arrow represents the allocation process of a generalist. Each cycle he performs all actions,
needing all skills necessary to perform one whole task.

123



78 Auton Agent Multi-Agent Syst (2008) 16:75–94

Fig. 2 Calculation of the I-node and You-node

2.2 The multi agent system

2.2.1 Agents

Important components that determine group performance are expertise and motivation [25],
see also [21]. These components can be considered as components of individual agents.
According to our description an agent is a simple model of a human being with properties
that are necessary to perform tasks. The individual properties are represented as a set of skills,
each skill consisting of two variable components: expertise and motivation. Analogous to
human memory, skills are represented as either passive or active [16]: The so-called Long-
Term Memory store (LTM) consists of a large set of passive skills. Once an agent starts to
perform a task, a subset of these skills corresponding to the actions which the task consists of,
is activated. The set of active skills corresponds to the Short-Term Memory store (STM). This
implies that when performing a task, the motivation and expertise of the agent is determined
by the active skills (see also [29]). On the basis of these active skills the agents individually
decide first whether to use these skills or not. Second, on the basis of this decision, they
allocate the task. We will describe both steps.

First, to every activated skill applies that the values of expertise and motivation determine
whether or not that skill will be actually used to perform the corresponding action. This is
represented by using thresholds. If the expertise exceeds its threshold a skill is ‘good enough’
and if the motivation exceeds its threshold a skill is ‘nice enough’. The decision whether a
particular skill is sufficient to use depends on the following rule:

IF Expertise > ExpertiseThreshold AND Motivation > MotivationThreshold

THEN I DO ELSE YOU DO

This decision rule means that an agent wants to perform a particular action (I DO) if both
the expertise and the motivation related to the skill to perform that action are sufficient. The
logical reverse of this rule is that, if either the expertise or the motivation is insufficient, the
agent does not want to perform that particular action (YOU DO). In this way every agent
chooses a subset of actions he would like to perform.

The decision whether or not to perform an action is depicted by means of two nodes,
an I-node and a You-node, each having values between 0 and 1. The values of these nodes
are functions of expertise, motivation, their thresholds, their maxima, and a parameter α that
determines the balance of expertise and motivation. The initial choice depends on these nodes
according to the rule that I DO means that the value of the I-node is bigger than the value of
the You-node, and You DO means the other way around.

The I- and You-nodes are calculated as follows: expertise and motivation have values (x)
between 0 and a maximum with a threshold somewhere in between (see Fig. 2). A value of
x between 0 and the threshold (x1 in Fig. 2) refers to the You-node and a value of x between
the threshold and the maximum (x2 in Fig. 2) refers to the I-node. The I-node will be 1 if the
x is maximal, and will approach 0 if the x reaches the threshold. The You-node will be 1 if
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x is 0, and will approach 0 if x reaches the threshold. Therefore, for the I-node, the height
of the threshold is subtracted from x . For the You-node, x is subtracted from the threshold.
Then, these values are divided by their maxima to make up the I- and You-values between 0
and 1.

We can distinguish three situations. In the first situation there is insufficient expertise,
which will consequently lead to a YOU DO choice. In this situation, no matter how high the
motivation is, the skill will not be influenced since the agent cannot perform that particular
action anyway. The values of I and You can simply be described as:

I = 0 (1a)

You = 1 (1b)

The second situation refers to expertise and motivation both exceeding their thresholds, which
leads to the initial choice of I DO. In this situation the I-node is a function of the expertise (e)
and motivation (m), their thresholds (the, thm), their maxima (emax, mmax), and a parameter
α [0,1] that indicates the balance between expertise and motivation. In our experiments we
assumed that expertise and motivation have the same effect on the performance time. This
means that in the experiments α is set to 0.5.

I = α∗ e − the

emax − the
+ (1 − α)∗ m − thm

mmax − thm
(2a)

You = 0 (2b)

The third situation refers to sufficient expertise and insufficient motivation. According
to the decision rule, this situation would lead to an initial choice of YOU DO. Here the
I-node = 0 and the You-node is determined by motivation (m), the threshold (thm) and the
balance parameter α [0,1]. However, this situation may not provide a sound basis to start
the allocation process. If we look at the initial choice of the other agent, again, we may dis-
tinguish three situations: insufficient expertise leading to YOU DO, sufficient expertise and
motivation leading to I DO, and sufficient expertise and insufficient motivation. In the first
and second situation the choice is clear. In the third situation both agents have insufficient
motivation and sufficient expertise. It will not be plausible to determine the choice of these
agents solely by their motivation, as the decision rule suggests. Therefore, we have defined
the I-node as a function of expertise rather than labelling it zero, and the You-node as a
function of motivation:

I = e − the

emax − the
(3a)

You = thm − m

thm
(3b)

2.2.2 Interaction

Now that we presented a formal description how agents individually choose a subset of
actions they would like to perform, we continue to describe how the self-organising process
of task allocation takes place. Self-organisation refers to the process in a system leading to
the emergence of global order within this system without the presence of another system
dictating this order [6,10]. This implies that the agents allocate the tasks by means of local
interaction. Agents interact when the individual preferences of all agents imply that there
are more agents sharing the same preference regarding a particular action than the number
of cycles these actions can be performed. The interaction process implies that the agents
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Fig. 3 Excitation (+) and
inhibition (−) of two agents

are trying to influence the other agents in such a way that the other agents will reach a
complementary state with respect to their own (see also [29]).

We based the process of influence on a neural network analogy by using excitatory and
inhibitory connections. Excitatory connections increase the tension of the node that is affected
and inhibitory connections decrease its tension (see Fig. 3).

Figure 3 depicts how agent 1 influences agent 2. The I-node (I1) of agent 1 inhibits the
I-node (I2) and excitates the You-node (You2) of agent 2. The You-node (You1) of agents
1 inhibits the You-node (You2) and excitates the I-node (I2) of agents 2. As a result of this
influence, the values of the I- and You-nodes change. These changes depend on the initial
values of the I- and You nodes of both agents: the higher the value of the sending agent,
the higher the potential influence. This potential influence is limited by the values of the
I- and You node of the receiving agent. Excitation will decrease as the values approach their
maxima and inhibition will decrease as the values approach 0. Therefore, excitation can be
described as follows:

y1 = y0 + x0(1 − y0) (4a)

y0 represents the old value of the receiving node, y1 the new value, and x0 the old value of the
‘sending’ node. x0 is multiplied by (1–y0) to make sure that the value of y1 does not exceed
the maximum value of 1. Inhibition can be described as:

y1 = y0 − x0 y0 (4b)

x0 is multiplied by y0 to make sure that the value of y0 does not exceed the minimum of 0.
The agents simultaneously influence each other. If two nodes with exact the same value

influence each other, it is likely that nothing will happen. This means that the difference
between two nodes should be included into the excitatory as well as the inhibitory functions:

Diff I I = Abs(I1 − I2) (4c)

Diff YouYou = Abs(You1 − You2) (4d)

I1, I2, You1, and You2 correspond to Fig. 3. Diff I I equals the absolute value of (I1 − I2) and
Diff YouYou equals the absolute value of (You1 − You2). We combine the Eq. 4a–d to describe
all excitatory and inhibitory connections as shown in Fig. 3:

I2 := I2 − ιI1 I2Diff I I : I1 inhibits I2 (5a)

You2 := You2 − ιYou1You2Diff YouYou : You1 inhibits You2 (5b)

You2 := You2 + ε(1 − You2)I1Diff I I : I1 excitates You2 (5c)

I2 := I2 + εYou1(1 − I2)Diff YouYou : You1 excitates I2 (5d)

ε and ι [0,1] represent parameters that can set the height of the excitation (ε) and the inhibition
(ι) (for an elaborate description, see [28,29].

The influence of the agents is based on their expertise and motivation with respect to a
particular skill, which implies that the agent with the highest expertise and/or motivation is
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more likely to get what he wants. The process ends as soon as the number of agents with a
preference of a particular action is equal to the number of available actions.

2.2.3 Task performance

When all actions are being allocated, the process is being completed and the agents start
performing the task. As a result of this, their expertise may change, i.e. the agents will
increase the expertise of the skills they use and forget the skills they do not use. Furthermore,
the motivation may change, i.e. the agents become bored after performing a particular action
for a longer time and recover from it as soon as they stop. Besides, learning a new skill when
performing a task can be motivating in itself and high motivation can increase learning speed
(e.g. [5]).

An important characteristic of most learning curves is that they reach a maximum asymp-
totically [15]. Therefore, we define learning by means of the relations among expertise (e)
at a certain time (t), expertise in the future (t + 1), the maximum expertise (emax ), and a
parameter β [0,1] that determines the learning speed:

e(t+1) = et + β
emax − et

emax
(6a)

Since motivation positively affects the learning speed, Eq. 6a can be elaborated as:

e(t+1) = et +
(

β + γ
m − thm

mmax − thm I

)
emax − et

emax
(6b)

when the motivation exceeds its threshold and

e(t+1) = et +
(

β − γ
thm − m

thm

)
emax − et

emax
(6c)

When the motivation does not exceed its threshold, γ [0,1] refers to the parameter that
determines the impact of motivation on the learning speed, the fraction refer to the Eqs. 3a
and 3b.

Forgetting is the inverse of learning. Since forgetting only applies to skills that are not
used, motivation does not play a role here. Therefore, forgetting can be described as the
inverse of formula (6a):

e(t+1) = (et − δ)emax

emax − δ
(6d)

where δ[0,1] determines the forget speed.
In real life an enormous range exists between learning and forgetting speed of different

tasks. Motor tasks such as truck driving are, once learned, never forgotten, whereas others,
such as sorting need to be maintained. Therefore, in the experiments, the balance between
learning and forgetting speed is chosen on rather practical grounds instead of being based
on empirical evidence. This holds that the agents are able to forget with a speed that is high
enough to produce interesting dynamics, whereas a skill that has not been used for a time is
not immediately forgotten.

Motivation curves can be described by applying the same characteristics: a maximum that
is reached asymptotically, and recovery as the inverse of boredom. This means that formula
(6b) describes the motivational decrease related to boredom and formula (6a) represents the
motivational increase related to the recovery from boredom. In this case the parameters β
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and δ respectively describe the recovery and the boredom speed. Furthermore, learning speed
influences motivation. According to (6a) learning speed (L) can be defined as:

Lt = β

(
emax − et

emax

)
(7a)

where (Lt ) equals et+1 minus et . The final equation that describes the motivational processes
is then:

m(t+1) = mt + ζ Lt + β
mmax − mt

mmax
(7b)

(Lt ) is added with a parameter ζ [0,1] to determine the amount of influence of expertise to
motivation.

Both expertise and motivation are defined in terms of the time it takes to perform a task:
the higher the degree of expertise or motivation, the sooner the task will be finished. Further-
more, we define a minimal time to complete an action, taction , which is equal to the actual
time it takes to perform the action at a maximal rate of expertise and motivation. The actual
performance time of a single agent, tper f ., can therefore be expressed as:

tperf . =
n∑

i=1

taction_i

λ
ei

emax
+ (1 − λ)

mi
mmax

(8)

In the present study, the agents perform the actions simultaneously. This means that the
time it takes to perform the total task, tper f., is determined by the slowest agent.

2.2.4 Specialisation and generalisation

In our experiments we use two groups, a group of specialists and a group of generalists. Each
group has the skills to perform the whole task. The group of specialists consists of agents that
are all specialised in a particular part of the task, only using one or two skills. Although they
do have the skills to perform the other actions as well, they have a clear preference to perform
certain actions. Each agent has a different pattern of preferences. We could choose to let this
group be a group of specialists in the strict sense, i.e. agents that are being specialised in only
one skill. However, prior experiments have indicated that the performance would become
very low because all the agents would become highly bored [29]. This would imply rather
trivial results of our experiments. Therefore, we chose a setting in which the agents were free
to self-organise task allocation whenever they want to. For example, as a consequence of the
expertise and motivational changes, the initial preferences of the agents are likely to change,
which implies that they may wish to re-allocate their task. This is called task rotation [30].

Whereas the group of specialists answers to the description we made in the previous
sections, the properties of the generalists are being defined as agents that must perform all
actions a task consists of consecutively. This constraint implies that although the expertise
and motivational changes of the individual agents is subject to the same processes as the
specialists, the group of generalists itself is not a self-organising group because they simply
do not have the freedom to self-organise. Although such top-down rotation systems are not
unrealistic [17], we realise that our operationalisation is a rather strict one. By defining gen-
eralists in this sense the generalist will not have the opportunity to develop themselves into
specialists so that we are able to study differences between both groups over time.
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Fig. 4 Model

2.3 Model and hypotheses

We study the expertise, the motivation and the performance of both groups in relation to the
task dynamics. Figure 4 gives an overview of the model in relation to the experiments that
we conducted.

The independent variables are number of tasks and cycles and task variety (together rep-
resenting the tasks dynamics), and the formalisation of agents as specialists respectively
generalists. The latter refers to the two groups that we compare. These groups differ on
task allocation: either all agents perform all actions (generalists), or they perform a small
portion of it (specialists). When the agents actually are performing tasks, their expertise and
motivation change, which may result in changes of the task allocation process and, again, in
performing tasks. The performance of the system, which is the dependent variable, indicates
how fast the group of agents has fulfilled all the tasks.

Based on the classical principles of system theory formulated by Ashby [3], we hypoth-
esise a relation between task dynamics, specialisation/generalisation, and performance time
as depicted in Fig. 5.

The x-axis depicts two conditions of task dynamics, i.e. no task dynamics and high task
dynamics. The y-axis depicts the performance time, i.e. the reverse of performance. Gen.
and spec. respectively refer to the group of generalists and specialists. The hypotheses are
depicted as roman numbers.

Hypothesis I In a condition without task dynamics, the group of specialists will outperform
the group of generalists.

The rationale behind this hypothesis is based on the notion that specialisation leads to
higher expertise, which implies better performance. Since the group of specialists is able to
develop a certain level of task rotation, boredom will not have negative effects on perfor-
mance.

Hypothesis II In the condition of high task dynamics, the group of generalists will perform
better than the group of specialists.

Because the group of generalists is more flexible, they are able to adapt more quickly to
task changes. As task changes occur more frequently, this flexibility will be more beneficial.
Therefore:

Hypothesis III The performance of the group of generalists will increase when task dynam-
ics increase.
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Fig. 5 Overview of the hypotheses

The group of specialists benefits from its expertise. However, this will become a disad-
vantage if tasks change more frequently and require new skills. Therefore we hypothesize:

Hypothesis IV The performance of the group of specialists will decrease when task dynam-
ics increase.

3 Experimental design

3.1 Variables and design

Following the model (Fig. 4), the experimental design is aimed at identifying the performance
of groups of specialists versus generalists in varying conditions of task dynamics. Number
of tasks and cycles, being its first component, consists of four conditions in which the agents
must perform 200 cycles: in the first condition the agents must perform 1 task of 200 cycles,
in the second 2 tasks of 100 cycles, in the third 4 tasks of 50 cycles, and in the fourth 8
tasks of 25 cycles. Task variety, being the second component, has four levels: no variety; low
variety, indicating a change of 1 action from one task to another. Moderate variety refers to
a new task requiring 3 new skills, and high variety if a new task demands 5 new skills. Since
all tasks consist of 5 actions, high variety implies that every new task differs completely
from the former one. Of course, these conditions are not applicable to the condition in which
the agents must perform only 1 task, because task variety is defined as a difference between
multiple tasks (see Table 1 for an overview of the conditions).

Table 1 shows all 10 conditions for both groups which means that there are 10 × 2 = 20
conditions. C2, C3, etc. refer to condition 2, condition 3, etc. In condition C3, for example,
the team has to complete two tasks, each with 100 cycles. After 100 cycles, the first task is
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Table 1 Research design for the
group of specialists and the group
of generalists

Variety

Tasks–Cycles 0 (no) 1 (Low) 3 (Moderate) 5 (High)

1–200 Condition 1 – – –

2–100 – C2 C3 C4

4–50 – C5 C6 C7

8–25 – C8 C9 C10

completed and the team starts working on the second tasks that requires 2 old skills and 3
new skills. By definition, condition 1, the condition of 1 task of 200 cycles, has no variety
because variety is defined as a property of multiple tasks.

We measured two process variables, i.e. expertise and motivation, and one dependent var-
iable, i.e. performance time. Performance time refers to the time it takes to complete a task
(see also Formula 8). We used the performance time of the slowest agent to indicate the per-
formance time of the group. Since the agents perform together, the slowest agent determines
when the task is finished.

3.2 Parameter values and initial settings of the agents

In the experiments we used the following parameter values:

1. The system consists of 5 agents
2. A task consists of 5 actions and each action requires one unique skill
3. All the tasks together take 200 cycles

This small number of agents and actions will help us to comprehend the principles and mech-
anisms behind the task allocation and task performance of both groups. Each condition runs
for 200 cycles, which is sufficient to simulate the processes we want to study.

4. The initial values of expertise and motivation are equal

In all experiments the expertise and motivation of the agents starts with the same value. By
varying these values, we could have created a wide variety of conditions. For the aim of this
study, however, this was not necessary.

5. The maxima of both motivation and expertise are set on 25
6. The motivation—and expertise thresholds are set on 10

Since we defined learning and motivational processes by means of a maximum and a thresh-
old, we need a value for both. The actual values are not that important, as long as they create
enough space for the agents to develop the processes that we want to study.

7. The learning speed is 75%
8. The forget speed is 3
9. The boredom rate is 75%, the recovery rate is 75%

A learning speed of 75% offers the possibility for further increase due to positive motivational
effects (see also 11), while it still produces noticeable learning effects. A forget speed of 3
has clear effects on task allocation without causing the agents to lose skills that have not been
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Table 2 Initial values of the
specialists

Skill Agent 1 Agent 2 Agent 3 Agent 4 Agent 5

1 14 15 16 17 18

2 15 16 17 18 14

3 16 17 18 14 15

4 17 18 14 15 16

5 18 14 15 16 17

used for a period of time. Since expertise and motivation have equal effects on performance
time, we have chosen a boredom rate equal to the learning speed. In analogy to the initial
values of expertise and motivation, we have chosen for equal values for the boredom- and
recovery rate.

10. The amount of influence of expertise on motivation (see formula 7b) is 100%
11. The amount of influence of motivation on learning speed (see formula 6b and c) is

100%

Tests indicated that variation of the amount of influence of expertise on motivation does not
lead to changes with respect to the performance differences of specialists and generalists.
Variation of the amount of influence of motivation on learning speed has a small effect on
specialists only: more influence results in a better performance. This means that the height
of these parameters does not matter that much. However, their effects on the development of
motivation and expertise itself will be more visible when their values are higher.

In the group of generalists, all skills of the single agents have the same initial value of 16.
In the group of specialists, the values of the skills of the agents are all different whereas each
agent has another best skill. Table 2 shows the initial values of the group of specialists.

After the agents start working, their initial values change due to learning and boredom
and, therefore, these values only apply to the first cycle of a task. New skills, i.e. skill 6, 7,
etc., that are required to perform next tasks, all start with the value of 16.

4 Results

For every condition we analysed the performance time of both groups as well as the process
variables expertise and motivation. First we will describe the processes of task allocation in
relation to performance time, expertise, and motivation. Then we will describe the results of
these processes by discussing the total performance time of both groups after all the tasks
have been completed.

4.1 Development of expertise, motivation and performance

In all conditions, the task allocation process of the group of specialists can be characterised
by the following steps. First, the agents start with their best skill, which implies a decrease
of their expertise of the other skills. While each agent continues using this skill, expertise
increases. Motivation remains stable at first, because of the simultaneous opposite effects
of learning and boredom. As long as the increase in expertise is larger than the decrease
in motivation, performance time decreases (i.e. performance improves). Second, because
the increase of expertise decreases and motivation decreases further, motivational decrease
exceeds the increase of expertise and performance time increases (i.e. performance becomes
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worse). This decrease continues until the third step in which the motivational decreases causes
the agents to start rotating between their best—and second best skill. Both skills more or less
reach their maximum with respect to expertise, whereas the motivation stabilises. This causes
the performance time to slowly decrease further.

With regards to the group of generalists, all conditions by definition imply that each agent
performs all actions and develops all skills evenly. This implies an increase in expertise,
although noticeable smaller than for the specialists, because the specialists develop only two
skills, whereas the generalists use all five. This increase in turn causes a slower decrease in
motivation. Since they use all their skills instead of just one they do not develop any bore-
dom. Therefore, they do not have any incentive to rotate actions. The slow increase of both
expertise and motivation causes the performance time to decrease from the start.

These processes describe what happens during the performance process of one single
task. In conditions with multiple tasks, these processes are more or less repeated, with one
important difference: dependent on the level of task variety, the agents use skills that are
partly ‘old’, i.e. they were used in the previous task, and partly ‘new’, i.e. they are used
for the first time. For the agents in the group of specialists, this may lead to three different
situations: First, when the new task does not force the agent to use any new skills, the agent
simply proceeds rotating between the same ‘old’ skills. Second, when the new task forces
the agent to use only new skills, the agent starts using them in a way similar to the first task:
first the agent uses his best skill and when boredom reaches a certain level, the agent rotates
between his best and second best skill. Third, when the new task permits the agents to use
only one of his ‘old’ skills, the agent proceeds in using only this skill until boredom forces
the agent to rotate to the second best skill.

In the condition of no variety (see also Table 1) only the first situation holds, whereas in
the conditions of high variety only the second situation applies. A combination of the three
situations occurs in the remaining conditions of low and moderate variety.

The group of generalists behaves much simpler. When a new task enters the system the
‘old’ skills of each agent simply develop further. The ‘new’ skills start at a lower value but
then develop in the same way as the old skills do.

Although this description holds for each condition, we want to elaborate on the condition
of high variety. Because the agents only use ‘new’ skills for new tasks, this condition has some
distinctive characteristics. First of all the specialists are free to allocate the task whereas the
generalists are forced to use all their skills consecutively, which results in different behaviours
of both groups.

From the second task on, during the execution of a task, the expertise development of
the group of specialists can be described in three phases: First, all agents have identical
motivation and expertise for all their skills. This means that they simply start with the first
skill and then rotate between their first and second skill. Second, as soon the actions related
to these skills have been finished, the agents start performing the third and fourth action in
the same way. Third, the agents perform the last action. This process is repeated for every
task. An important implication of this process is that the specialists are not really specialists
anymore since they use all their skills, being all identical at the beginning. Nevertheless, they
are still free to allocate the task. On the other hand, the generalists are forced to use all their
skills consecutively. This implies that every task shows an increase of expertise. Just like the
specialists, every next task starts somewhat lower than the former, but both groups behave
differently.
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Fig. 6 (a left) and (b right): Total performance time of specialists and generalists in all conditions as repre-
sented in Table 1; (c) Performance time differences of both groups in the condition of 2 tasks of 100 cycles;
(d) Performance time differences of both groups in the condition of 4 tasks of 50 cycles

4.2 Total performance time

Now that we have described the changes of expertise, motivation, task allocation and
performance time during the process of task performance, we will continue to describe
the total performance time of both groups in all conditions (see Fig. 6a and b).

In both figures, “1 T. 200c.” means 1 task of 200 cycles, “2 T. 100c.”, means 2 tasks each
with 100 cycles, etcetera. The x-axis, Task Variety and the y-axis, Task & Cycles, correspond
with the rows and columns of Table 2 respectively. The conditions that Table 1 describes are
depicted in the figure as C1, C2, etc. The z-axis indicates the performance time, being the sum
of the performance time of every cycle. We see that the performance time after performing
1 task of 200 cycles, i.e. C1 (bottom left line) is the same as the performance time in the
condition of no task variety (bottom right line) for reasons we already stated in Sect. 3.1.

When comparing the Fig. 6a and b we observe three characteristics: first, in the condition
of no variety (bottom lines), i.e. C1, the performance time of the specialists (2,504) is lower
than the performance time of the generalists (2,574). This finding supports Hypothesis 1:
When there is no task variety, driven by boredom, each specialist will alternately use his
best two skills. In this condition, specialists will attain high levels of expertise for both these
skills and, therefore, performance will be highest (i.e., performance time lowest). General-
ists on the other hand will use all skills and reach a lower level of expertise, and, therefore,
performance will be lower (i.e. a higher performance time).
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Second, performance time increases in both groups when either task variety or the number
of tasks & cycles increases. As tasks become shorter, both groups have less time to increase
their expertise. As tasks become more different, both groups must use more ‘new’ skills for
which the learning process still has to start.

Third, the group of generalists shows a relation between task dynamics and performance
that is more or less linear, based on the principle that we described above. However, the group
of specialists shows a relation that is not linear, causing a performance time that is higher
than that of the generalists in conditions of low and moderate variety (see Fig. 6c).

Figure 6c depicts the performance time of both groups in the condition of 2 tasks and 100
cycles. We see that in the condition of no variety (C1), the group of specialists outperforms
the group of generalists. In the condition of high variety (C4), both groups are more or less
equal, but in between (C2 ‘low’ and C3 ‘moderate’) the specialists perform worse than the
generalists. To comprehend these differences we will take a closer look at the underlying
processes regarding the group of specialists.

When a new task requiring novel skills enters the system, specialists prefer to continue
using the two skills they already used, because of their high expertise. If one of these skills
is not required anymore, they prefer to start using the skill for which they have the highest
expertise. In general, this will not be the skill related to the new actions. Therefore, they
will postpone the use of these skills. In conditions of low task dynamics (C2), as Fig. 6c
depicts, this implies less opportunity for task rotation at the end of the task. Because of this,
boredom will not be compensated and performance time will increase. In the condition of
moderate (C3) variety, but especially in the condition of high (C4) task variety, the leeway
of the specialists to postpone the use of new skills decreases and, moreover, when more new
skills come in, more opportunities to rotate will remain. This has a positive effect on their
motivation. Hence, for both groups, expertise decreases when task dynamics increase. For the
group of specialists, motivation increases as task dynamics increase because of the possibili-
ties for task rotation. This implies that no task dynamics cause the highest expertise, high task
dynamics cause the highest motivation. Therefore, somewhere between both conditions, the
agents profit the least from both benefits, which explains the curvilinear relationship between
task variety and performance time for the specialists.

Figure 6d depicts the performance time differences of both groups in the conditions of 4
tasks of 50 cycles (C1 ‘no task variety’; C5 ‘low’; C6 ‘moderate’; C7 ‘high’).

We notice that the differences between both groups are much smaller: Because there is
less leeway to postpone the use of new skills, the motivational decrease of the specialists is
much smaller. Hence, the performance differences of both groups decreases. With 8 tasks of
25 cycles, i.e. conditions C8, C9, and C10, both groups follow about the same linear curve,
whereas the specialists perform slightly better than the generalists.

4.2.1 Acceptance of the hypotheses

On the basis of these results, we now accept or reject the hypotheses as formulated in Sect. 2.4.

Hypothesis I In the condition of no task dynamics, the group of specialists will perform
better than the group of generalists.

According to the Fig. 6a–d, in the condition with no task dynamics the group of specialists
performs better than the group of generalists. Therefore, hypothesis I is supported.

Hypothesis II In the condition of high task dynamics, the group of generalists will perform
better than the group of specialists.
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Although the dynamics of the group of specialists differ from the group of specialists, we
may conclude that the performance of both groups in case of high task dynamics is more or
less equal. These findings do not support hypothesis II.

Hypothesis III The performance of the group of generalists will increase when task dynam-
ics increase.

and

Hypothesis IV The performance of the group of specialists will decrease when task dynam-
ics increase.

In both groups the increase of task dynamics led to a worse performance. This supports
hypothesis IV but not hypothesis III.

5 Conclusion

Figure 6a–d, clearly shows that the difference in performance between the generalists and
specialists depend on task variety. The underlying processes can explain how these results
exactly relate to the hypotheses. In general we found three effects: The first effect concerns
the expertise development that decreases in both groups when task dynamics increase. This
effect is the main cause of the mountain-like shape of Fig. 6a and b, with the highest task
dynamics being on top. The second effect concerns the delay of using new skills when there
is task variety. The third effect pertains to the increase of motivation when task dynamics
increase. These last two effects only hold for the group of specialists because they are allowed
to postpone the use of new skills and because the motivation of the generalists remains unaf-
fected in case of task dynamics. For the generalist there is only one force effective, that is
less development of expertise when task variety increases. Therefore, for the generalists, the
relationship between task variety and performance is more or less linear. For the specialists
all three effects are present. The first effect, the lower increase in expertise when task variety
increases, results in a higher performance time for specialists too. The second effect, the
delay of the use of new skills, is especially there when task variety is low to moderate. The
third effect, the increase in motivation, becomes stronger when task variety increases. The
three effects together result in the curvilinear relationship between task variety and perfor-
mance for specialists. Task dynamics are created by the number of new skills (task variety)
and the number of cycles per task. The curvilinear effect is most apparent if a task has many
cycles (Fig. 6c). As task dynamics increase due to a decreasing number of cycles per task,
the relationship between task variety and performance for specialists becomes close to that
of generalists. The findings indicate that generalists outperform specialists if there are tasks
dynamics, but only if these dynamics are small.

According to our study, in a condition with no task variety specialists perform better than
generalists. Performance of specialists decreases when task dynamics increase. As we stated,
the main reason behind this is the decrease of expertise development that does not allow the
specialists to maximise their performance. This reason comports with the rationale behind the
hypotheses that is based on the principles formulated by Ashby [3]. This principle implies
that specialists will benefit from their high expertise in situations with no task dynamics.
Generalists on the other hand should outperform specialists in conditions with higher task
dynamics because they are more flexible than specialists and, therefore are better able to
adapt to changing situations. In a way the flexibility of generalists compensates for the profit
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of high expertise that they lack in conditions with low task dynamics. Hence both specialists
and generalists have their own specific benefits.

But why are our results not in line with this principle when tasks dynamics are high? Why
does the performance of the generalists differ from what we hypothesised? The results show
that under high task dynamics both generalists as specialist show about an equal decrease
in expertise. However, the generalists do not compensate this decrease with their flexibility.
Instead, the specialists are forced to start behaving more like generalists by performing a
larger portion of the actions sequentially.

Three causes may explain this. First of all, the more new tasks differ from previous ones,
the more the starting situation for both groups becomes similar in terms of expertise and
motivation, due to the assumption of identical expertise and motivation for new skills for
both groups. Second, a higher level of task dynamics implies the need for more new skills.
Therefore task dynamics decrease opportunities to specialise, and, therefore, the performance
of specialists becomes more or less similar to the performance of generalist in case of very
high levels of task variety. The third cause for the decrease of specialisation can be found
in the effect, that agents in the specialist group tend to start with their best skill, then their
second best, etc. and finish with their worst skill. This effect shows up in all conditions
with task dynamics. This implies that the specialists do not restrict themselves to their own
speciality, but finally have to help each other to finish the team task. Actually, in the exper-
iments the specialists were not true specialists because they were able to use all the skills,
although their expertise was higher for some than for others. Moreover, due to boredom, they
tend to specialise in two skills, and, therefore, probably can be better typified as ‘minimal
generalists’ than true specialists. Previous studies have shown that a low level of multifunc-
tionality mostly outperforms a high level of multifunctionality as well as a situation with no
multifunctionality at all (i.e., when there are only ‘true specialists’ [14,23].

Whereas the first cause can be considered as an artefact of the model, the other reasons
indicate that high task dynamics cause a group of specialists to self-organise into a group of
generalists. Hence, this study does not confirm a classic relationship between performance
and task dynamics with respect to generalisation and specialisation. Nevertheless, the results
support the underlying proposition that a situation with a low to moderate level of task
dynamics asks for generalists and a situation with no task dynamics specialists are preferred.

6 Discussion

On the basis of this study the question raises to what extent the results can be generalised
to different settings. To answer this question we will focus on the different aspects of the
model, the simulation platform we used and the implications of the results. We will end this
section with a description of possible future research lines.

Concerning the model, we supposed that the most important factors that determine group
performance are expertise and motivation. We did not take the concept of coordination costs,
which is based on the interaction between the agents, into account, although this component
certainly affects group performance [25], see also [21]. For example, coordination costs will
decrease in case of specialisation and increase when task dynamics increase [29]. However,
although more dynamics imply higher coordination costs, it is plausible that groups may
learn how to deal with these dynamics by letting allocation rules emerge. The emergence of
these rules can only be simulated if the underlying cognitive architecture of the agents offers
the substratum to let them to. This means that the use of coordination costs as a variable to
describe self-organising processes of task allocation would only be useful when it could be
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related to a more elaborate cognitive description of the agents. The parsimonious model that
we use in the present study does not contain this architecture because we were mainly inter-
ested in expertise, motivation and task allocation being components that determine group
performance. Therefore, we did not study the influence of coordination costs.

Second, an important difference between the specialists and the generalists in this study
is the freedom to self-organise. The specialists are free to re-allocate the task whenever they
feel the need to do so, which may result in a shift from pure specialisation towards a mod-
erate type of generalist. The generalists on the other hand, do not have any freedom to self-
organise, since they must simply perform all actions consecutively. Although this implies
that specialists are able to stabilise their motivation by task rotation, generalists do not have
to stabilise anything because they do not experience any motivation problem.

This relates to a fundamental question in the area of management science: should an
organisation or team be forced to fit into a design or should we give it enough freedom
to self-organise? Of course we cannot give a definite answer to this. Given the freedom to
self-organise, no matter what the original team structure is, the team will manage to reshape
itself according to the demands of its environment. On the other hand, as the group of gen-
eralists demonstrated, sometimes the absence of freedom implies a well-ordered structure in
which motivated workers perform quite well. In fact, our study indicates that, except in the
condition of no or low variety, the difference between design and self-organisation does not
lead to spectacular performance differences. But then again, a design should limit coordina-
tion costs, which means that a definite answer to this question must be found in the balance
between low coordination costs and flexibility.

A third discussion point is the number of agents that a group consists of. We used only five
agents and one could wonder whether larger groups would generate other dynamics. First
of all, we state that the use of such small numbers is based on the assumption that we first
wanted to comprehend the basic mechanisms before continuing on studying more complex
systems. But do larger numbers always increase the complexity of the processes? To answer
this question we have to take a look at the most important characteristics of the allocation pro-
cesses. These are task rotation and using skills in a declining order with respect to expertise.
These characteristics, as well as their effects, will not be different in larger groups nor do we
expect this to be conditional for other phenomena to emerge. Perhaps studies on coordination
costs would require larger groups, but then again, that is something that is beyond the scope
of this study.

Fourth, we did not limit our experiments by using agents with cognitive properties only,
but used a model in which we combined a simplified cognitive architecture with variable
motivational states. Because of this, the specialists behaved differently from more traditional
agent models: The agents developed task rotation and tasks that were highly repetitive cause
a larger motivational decrease than tasks that were less repetitive. This effect appears in real
life as well. The specialists were able to reduce their motivation loss by performing more
actions instead of just one and the generalists showed no motivation loss at all. In a way, this
comports with the findings that workers performing a task as a whole feel more motivated,
e.g. [9]. All in all, the use of multi-agent simulation based on psychological theory may cer-
tainly help to understand how basic individual characteristics are related to complex group
dynamics.

Concerning the empirical value of the parameter values regarding the expertise and moti-
vational processes, we state that we simply selected a parameter space that would result in
interesting processes: For instance, a higher forget speed would result in a group of agents
that will forget parts of their skill repertoire which makes performance impossible. A lower
forget speed on the other hand, would not result in noticeable expertise loss, which is also
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not realistic. Further, identical boredom and recovery rates are also questionable. However,
these parameters are difficult to adjust to real life situation because empirical studies that
indicate such parameter values are yet to be done. Therefore, this study may serve as a start
to formalise group dynamical processes concerning expertise, motivational and performance
development, relating its parameter values to specific types of tasks.

With regards to the platform that we used, WORKMATE has been programmed in
DELHPI6. In the future it would be useful to formalise WORKMATE on other platforms such
as SWARM or NETLOGO, in order to test the robustness of the effects in a model-to-model
context.

Finally, in analogy to the work of Dellarocas and Klein [7], we used a simple model that is
more plausible than traditional models with rational agents or mechanisms that facilitate an
optimum. With this model we described interactions between higher levels, i.e. societies or
work groups, and lower levels of description, i.e. the individual agents. As their work, ours
should be considered as a first step of exploration. Furthermore, ours needs to be tested much
more before we may draw definite conclusions regarding the topic that we studied. We will
present two future research lines:

First, in the present study we compared two groups of homogenous agents. This study
poses the interesting question what would happen in a mixed group. Is there an optimal fit
between task characteristics and the distribution of specialists and generalists? How does a
mixed group perform in relation to the groups that we described in this paper? A second
future line of research is the influence of newcomers on task allocation processes of existing
work teams [31]. How do new specialists and generalists fit into an existing team? By manip-
ulating task and team structure we could design different settings in which extra members
are needed.

To end up, the key contribution of the current study concerns our systematic analysis of
traditional problems concerning having specialists and generalists in teams by using theories
on groups and task performance.
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