
J. Complex Systems (1998) 1, 1{14

The Dynamics of Specialization and

Generalization within Biological

Populations

Andrew J. Spencery Iain D. Couzin

Nigel R. Franks

Centre for Mathematical Biology and

Department of Biology and Biochemistry

University of Bath

Bath BA2 7AY, UK

(Received 13 January 1998)

ABSTRACT. We develop an abstract model to explore specialization and

generalization in task performance by individuals within biological populations.

Individuals follow simple rules of increasing and decreasing propensities for

tasks that could, for example, be based on learning and forgetting. The model

does not explore e�ciency per se, but makes the prediction that where be-

havioural specialization occurs in nature, organisms are likely to be reaping

su�cient bene�ts from improved handling e�ciency to o�set the costs of in-

creased search time. A second prediction is that among specialists, there will

be a trade-o� between stability and responsiveness. The model reveals potential

similarities between a wide range of complex biological systems.
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1. Introduction

One of the greatest contributions of evolutionary biology is recognizing the im-

portance of the uniqueness of the individual (Medawar, 1957). Indeed much

of our understanding of evolutionary change through natural selection is as-

sociated with genetic biodiversity within populations (Ridley, 1993). However,

both nature and nurture contribute to the uniqueness of individuals. Individuals

within a population have di�erent genotypes which encounter di�erent environ-

mental in
uences and such so-called genotype by environment interactions (Fal-

coner, 1981) amplify phenotypic diversity. The most labile and hence arguably

the most interesting aspect of phenotypes is behaviour. Here we will focus on

behavioural diversity within populations by considering how learning may lead

to generalization and specialization and how specialists may switch. These are

important considerations over a surprisingly broad range of biological examples.

In ecology, for example, the stability of communities may be greatly in
uenced

by individual predators specializing on one or a subset of many possible prey

types (MacArthur, 1955; May, 1973; Pimm and Lawton, 1977). For example,

if predators form search images for the more abundant of two (cryptic) prey

types they may continue to hunt that prey type disproportionately even when

it has become less abundant than the alternative (Begon et al., 1990). Here

population dynamics would be linked with the dynamics of individuals learning

and forgetting certain search images. Similar reasoning can be applied to the

behaviour of pollinators in which members of the same population may specialize

in visiting only a subset of accessible 
owers (Heinrich, 1979).

The advantage of specialization by individuals within groups is also consid-

ered to be of overwhelming importance in many of the major transitions in the

evolution of life (Maynard Smith and Szathm�ary, 1995). One such transition is

from single-celled to multicellular organisms; another major evolutionary tran-

sition is from solitary organisms to highly social ones. The selective advantage

of multicellular organisms over single-celled organisms is probably associated in

part with cellular specialization leading to an e�cient division of labour (May-

nard Smith and Szathm�ary, 1995). (Implicit in the division of labour is that

individuals become more e�cient as they specialize (Smith, 1776)). The evolu-

tionary transition from solitary organisms to highly integrated societies (known

as eusocial colonies) composed of individual organisms (e.g. ant colonies, termite

colonies and certain bees and wasps) is also associated with e�ciencies that ac-

crue from a division of labour and task specialization. Social insect colonies have

been compared to factories within fortresses (Oster and Wilson, 1978, p. 21-23)

and there are many di�erent tasks that workers must perform, from building the
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nest and guarding the colony to tending the queen, rearing many di�erent stages

of brood, and feeding and grooming one another.

Thus in diverse areas of biology, transitions from generalized behaviour to

specialized behaviour are of major evolutionary importance. Clearly, there are

fundamental di�erences, that must not be overlooked, between the systems we

have just described. For example, individual predators will specialize on par-

ticular types of prey for their own immediate bene�t, whereas cells within an

organism, or ants within a colony, may specialize for mutual bene�t (favouring

the sel�sh genes they have in common). In other words, specialization within

organisms or societies occurs because the entities involved belong to a commu-

nity of mutual interest (Cosmides and Tooby, 1981; see also Bourke and Franks,

1995) and co-operate to favour their self interest indirectly, whereas specializa-

tion within ecological populations of distantly related individuals occurs due to

direct self interest. Recognizing such fundamental di�erences should not, how-

ever, obscure key similarities in the dynamics of specialization and switching. It

is these similarities that we explore here, by considering a model that investigates

the dynamics of specialization within populations.

2. The Model

In outline:

1 Agents encounter one or more tasks in their environment.

2 At each time step each agent may perform one task.

3 If it performs a particular task its propensity to perform that task increases.

4 If it does not perform a task its propensity for performing the task de-

creases.

In detail:

Tasks are abstracted as discrete items, one task item being de�ned as the

amount of task that one agent can complete in one unit of time. Hence we have

not modelled the e�ects of changing task e�ciency. For simplicity and generality,

we have not speci�ed time scales. All the parameters of the model scale with the

time step. The reason for this is that time scales for di�erent organisms are likely

to di�er over several orders of magnitude, and the time period represented by

one time step must re
ect the behaviour under consideration.

Space is not modelled explicitly; instead, each agent experiences a probability,

P , of encountering a task item during each time step. This probability is de�ned

as
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P =
T

(T + �)
(2.1)

where T is the total number of task items within the simulation, and � is a

parameter relating the size of the arena within which the agents and tasks exist

to the physical size of a task item and the area searched by an agent within

one timestep. This provides a reasonable approximation for the situation where

individuals and task items are distributed randomly within an arena of �xed

size. At each time step, each agent has a probability Pn of encountering an item

of each task, n, such that

Pn =
Tn

(T + �)
(2.2)

where Tn is the number of items of task n within the simulation.

At the start of the simulation, each individual has the same propensities for

carrying out each speci�c task. These propensities represent the probability that,

on encountering an item of task x, the individual will work on that task item.

If an individual's propensity for carrying out task x is de�ned as �x, then when

the individual encounters an item of task x it has probability �x of working on

that item.

If a task item is worked on by an agent, the task item disappears from the

simulation for all future time steps, and the individual's propensity for that task

is increased by

��x = �x(1� �x)� (2.3)

Simultaneously, for all tasks n other than x, the individual's propensity decreases

by

��n = �(�n(1� �n)�+ �n�
2) (2.4)

Thus if an individual performs a task, it becomes ��x more likely to perform

that task should it encounter it in the next time step, and it becomes less likely

to perform every other task by ��n where �n is its previous propensity for that

task.

Task choice is determined purely by individual task propensities that are ad-

justed according to task experience. However, it is essential that a mechanism

should exist to prevent task propensities from becoming trapped at zero. For

the types of situation we model here, stochastic e�ects mean that, in time, in-

dividuals will always fail to encounter any given task for a long enough period
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of time that their propensity for that task reaches zero. Once a propensity has

reached zero, the individual will never perform that task and so there will be no

potential for its propensity to increase again. Unless individuals can be assured

of a constant supply of a task for which they have high propensity, they must

become prepared to do tasks which they would at �rst refuse if faced with a

persistent dearth of their `preferred' task(s).

We incorporate such a mechanism into this simulation by allowing individuals'

propensities for all tasks to approach a low but non-zero `resting level', R, on

each occasion that a task item is refused. On refusal of a task item, for all tasks

n,

��n = �

�
(�n �R)(1� �n)�

1�R
+

(�n �R)�
2

1�R

�
(2.5)

if �n > R, or

��n =
�n(R � �n)�

R
+

(R � �n)�
2

R
(2.6)

if �n < R.

In the model, the relationship between propensities and time is sigmoidal,

given successive iterations of the equations 2.3, 2.4, 2.5 or 2.6. As a result,

propensities change slowly when they are close to 1 or close to 0, but change

more rapidly at intermediate values. We believe that this is biologically plausi-

ble, but other relationships might exist and are currently being explored.

3. Results

The principal factors that a�ect the behaviour of the simulation are the rates

of learning �(increasing propensity) and forgetting � (decreasing propensity). To

simplify this initial analysis we studied the dynamics of task allocation where

only two tasks are present, and the learning and forgetting rates, � and �, are

manipulated. Each simulation involves twenty initially identical individuals, and

the following parameters were universal: resting propensity level, R, 0.2; rate

of task accumulation, 5 items per task per timestep; starting propensities, 0.2;

density parameter, �, 50.

3.1. Individual behaviour

A range of individual responses to these conditions may be exhibited accord-

ing to the values of learning and forgetting. When learning is rapid relative to
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Figure 1. Individual task propensities against time for a range of learning (�) and forgetting
(�) rates: (a) � = 0:199, � = 0:0066; (b) � = 0:073, � = 0:1004; (c) � = 0:199, � = 0:0752; (d)

� = 0:073, � = 0:0206.



Specialization and Generalization in Biological Populations 7

forgetting, individuals exhibit behaviour such as that shown in Figure 1(a). The

individual's propensities for both tasks rise rapidly and stabilise at close to 1,

implying that the individual will perform almost every task it encounters. When

individuals forget at a greater rate, as in Figure 1(b), their propensities for both

tasks never increase signi�cantly above the resting level of 0.2. These individuals

rarely perform tasks of either type. In certain areas of parameter space, how-

ever, individuals can specialise on one task for variable periods of time (compare

Figure 1(c) with Figure 1(d)).

3.2. Population behaviour

Figure 2(a) shows the population average propensity for task performance as a

function of the rates of learning and forgetting by individuals. The upper plane is

characterised by learning rates that are high compared with forgetting rates; the

general trend in this region is for agents to perform any task that they encounter

(Figure 1(a) exempli�es individual behaviour under these conditions). The lower

plane is characterised by learning rates that are lower or only moderately higher

than forgetting rates; the general trend in this region is for agents to perform

very few of the tasks that they encounter (Figure 1(b) exempli�es individual

behaviour under these conditions). In the transition zone between these two

regions, intermediate states are found.

Figure 2(b) shows specialization (i.e. the tendency to perform one task more

than the other) as a function of the rates of learning and forgetting by individuals

(the parameter range for learning and forgetting is identical to that shown in

Figure 2(a)). At one end of the specialization zone, that is when learning is slow,

specialization tends to be stable (as exempli�ed by Figure 1(d)). At the other

end of the zone, where learning is fast, individual specializations are transient

(see Figure 1(c)).

Figure 3 explores the ability of individuals within a population to respond to

the introduction of a second task after a period in which they have encountered

only one task. When the second task is initially introduced, none of the individ-

uals in the group have encountered it previously and consequently they all have

extremely low propensities for performing it. As they begin to encounter the

second task, however, their propensities gradually increase until eventually the

second task is performed at an equal rate to the �rst. The time taken to reach

this point depends upon their learning and forgetting rates, and Figure 3 shows

the time elapsed between the introduction of the second task and and the point

at which the second task is performed at a rate close to that of the �rst, across

the same range of learning and forgetting rates used in Figure 2. This value is a

measure of responsiveness: the shorter the elapsed time, the more rapidly indi-
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Figure 2. Collective responses across learning (�) and forgetting (�) parameter space. In
both cases the z-axis represents mean values taken over the course of 500 timesteps, after the
simulation had been allowed to run for 3500 timesteps. (a) Mean task performance, measured

as the mean number of task items dealt with per agent per timestep. (b) Specialization,
measured as the mean of the di�erences between each agents' propensities for the two tasks,P

n

i=1

jP
i
A

�P
i
B

j

n
where n is the number of agents (equal here to 20) and Pi

A
and PiB are

the agent propensities for tasks A and B.



Specialization and Generalization in Biological Populations 9

0.06
0.08

0.1
0.12

0.14
0.16

0.18

0.02

0.04

0.06

0.08

0.1

0

50

100

150

200

250

300

350

Learning rate

Forgetting rate

R
es

po
ns

e 
tim

e

Figure 3. Collective responses across learning (�) and forgetting (�) parameter space. The
simulation was run for 4000 timesteps with only task A present, at which point task B was
introduced. The z-axis indicates the time taken before the rate (per agent per timestep) at

which task B was performed approached (to within 0.2) the rate at which task A was
performed.

viduals are responding to the change in conditions. However, it should be noted

that the extremely low area of the graph associated with high forgetting rates is

not indicative of a rapid response. This is because when individuals have a high

forgetting rate they are incapable of learning even a single task (i.e. their propen-

sities for the �rst task remain close to the resting level of 0.2); propensities for

the second task were at the same resting level of 0.2 before its introduction and

consequently little or no time elapsed before both tasks began to be performed

at the same (very low) level. This graph shows that the ability to respond to

change is associated with high values of both learning and forgetting.
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4. Discussion

Our model shows that both generalization and specialization may occur in

biological populations as a result of learning and forgetting, and that specializa-

tion is associated with a restricted range of parameter space. It further reveals

a classic trade-o� between stability and responsiveness.

Specialization is common in nature, both in the form of genetic predisposition

or adaptation to a task, and in the form of behavioural specialization amongst

potential alternative tasks. In this paper we examine the latter, which is much

more labile allowing organisms to respond rapidly to their environment. Exam-

ples of behavioural specialization include prey speci�city in predators (Begon et

al., 1990), 
ower speci�city in pollinators (Heinrich, 1979), and task speci�city

in social insects (H�olldobler and Wilson, 1990; Bourke and Franks, 1995).

There are, however, costs to specialization due for example to increased search

time (Krebs and Davies, 1993). Our model incorporates the e�ects of search time,

since specialists `waste' time steps rejecting task items. Figure 2 shows this cost

of increased search time (the area of specialization in Figure 2(b) corresponds to

the area of decreasing task performance in Figure 2(a)).

The costs of specialization beg the question why it is found so frequently in

nature. One answer is that these costs may be o�set by e�ciency bene�ts through

improved handling of tasks (Krebs and Davies, 1993). Since we do not model

e�ciency of task performance, this cost is not o�set in our model. However,

we can predict from our results that where behavioural specialization occurs

in nature, organisms are likely to be reaping su�cient bene�ts from improved

handling e�ciency to o�set the costs of increased search time.

The most likely cause of improved handling e�ciency is learning (in the sense

of skill re�nement). Specialization will be favoured if individuals are not able to

learn tasks concurrently, as can occur due to cognitive limitations. Specialization

will also be favoured if the costs of learning a second task (incurred because

time spent learning a second task is time that could be used to carry out a

�rst task) are greater than the bene�ts. For simplicity, we have looked only

at two tasks here, but the same principle applies wherever organisms are more

e�cient if they learn only a subset of possible tasks. A well-studied example

of this is specialization among 
ower types by bumblebee foragers. Heinrich

(1979) describes the way in which bumble bees learn to cope with di�erent 
ower

morphologies in the search for nectar and pollen. An interesting case, in which

specialization is favoured by physiological as well as by behavioural adaptation

to a task, is that of the digestive physiology of mallard ducks. It has been shown

that these ducks have an increased digestive e�ciency when they specialize on a

particular food type (Miller, 1975, cited in Begon et al., 1990).



Specialization and Generalization in Biological Populations 11

Classical behavioural ecology models have shown, with respect to dietary

breadth, that generalists should be expected to occur when the ratio of en-

ergy gained per unit handling time is the same for all items, or when search

times are extremely long (Krebs and Davies, 1993). Such generalization may

also be favoured when there is no signi�cant cognitive limitation to learning

tasks concurrently, or when there are no e�ciency gains to be made through

skill re�nement.

Where specialization occurs, our model predicts a trade-o� between stability

and responsiveness. The population of agents (workers, predators or pollinators)

can respond rapidly to the introduction of a new opportunity (task, prey species,


ower type), but only if they have high learning and high forgetting rates (see

Figure 3). The penalty of such behaviour is that such individuals will rarely

specialize on one task for long. Typically they will 
ip stochastically from one

task to another (see Figure 1(c)). In real biological situations this inconsistency

would be likely to incur costs: e�ciency gained from specializing and developing

skills with certain types of item might be thrown away in too rapid switching

to alternatives. The penalty of the opposite strategy (that is, stable specializa-

tions associated with lower learning and forgetting rates) is that in a changing

environment, individuals will adjust their behaviour only slowly.

It is also notable that the area of parameter space where specialization occurs

(Figure 2(b)) is also associated with slower responsiveness (Figure 3). This sug-

gests that jacks of all trades, although they may be masters of none, are more

likely to be successful opportunists.

There is very good evidence from both vertebrate and invertebrate predators

for switching between prey types according to their relative density (Lawton et

al., 1974; Murdoch and Oaten, 1975; Murton, 1971; for review see Begon et al.,

1990, chapter 9). One traditional hypothesis for such behaviour is that preda-

tors form search images (Tinbergen, 1960; but see also Guilford and Dawkins,

1987; Giraldeau, 1997). The notion of a search image is that an organism forms

a mental image of a cryptic prey type upon successive encounters and as a con-

sequence tends to be less aware of other prey types. This implies that if the prey

for which a predator has a search image becomes very rare, the search image

is progressively forgotten, and also that search images are exclusive (a cognitive

limitation).

There is also good evidence of switching behaviour in pollinators. Individual

bees switch their preferences in response to changing relative abundance of 
ower

types (Heinrich, 1979). For more recent work on bumble bee decision making

during foraging, see Cartar (1992), Dukas and Real (1993), Dukas and Waser

(1994). Rissing (1981) has shown that individual workers in seed harvesting ants

also show preferences for particular seed types and switching behaviour. For
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an example of switching behaviour in a non-social pollinator, see Goulson et

al. (1997).

All of these examples emphasize the advantages of maintaining a specialization

whilst a task remains available, and of being able to switch when circumstances

change. The importance of individuals being able to respond to a changing en-

vironment suggests why in social insect colonies with workers that are physi-

cally polymorphic, the least specialized workers are always in the majority. In

such cases, extreme physical castes are hard-wired for particular roles and there-

fore the ability of a colony to respond to a changing environment depends on

having large numbers of generalists who can specialize behaviourally according

to the needs of their colony (Oster and Wilson, 1978; Tofts and Franks, 1992;

Bourke and Franks, 1995).

In solitary organisms, members of a population switch according to their own

needs; in a population of workers in a eusocial colony switching can occur that

bene�ts the entire community. If one viewed a colony of social insects exhibiting

this trait, decisions might appear to be taken at a global level, but in reality this

global behaviour may arise from independent, local decisions by individuals. An

alternative model for social insects would have been to consider individuals as

having thresholds and that there are global stimuli that emanate from each of the

tasks. If the stimulus is greater than this �xed point, then every individual with

a threshold below the stimulus would perform the behaviour (see for example

Theraulaz et al. (in press)). For increased generality, in the model described in

this paper, we have adopted an approach based purely on local stimuli.

Our goal in this paper has been to explore in very general terms the dynamics

of specialization and generalization in biological populations. In order to achieve

some generality, we have deliberately kept our model simple. More speci�cally,

we have excluded explicit spatial considerations in this �rst version of the model.

(Clearly if di�erent tasks, resources or prey types were spatially segregated and

agents had restricted patterns of movement then tendencies to specialization

could be greatly enhanced.) In the model, learning by the agents is a form of

positive feedback and forgetting is a form of negative feedback, and hence our

modelling can be seen as an exploration of stability versus responsiveness in

terms of the relative magnitude of positive and negative feedback. The model is

highly abstract, but for this very reason has revealed potential similarities among

a wide range of complex biological systems.
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