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Qualitative, rule-based modeling

distinct wet and dry seasons each

year. In some years, the dry sea-
son is relatively short, in others it is a
month or two longer. In some years,
rainfall during the wet season is low,
in other years it is abundant.

Imagine that a study of calf mortal-
ity among browsing antelope living in
the acacia woodlands indicates that
rainfall influences calf mortality in
several complex ways related to
browse availability and the fat re-
serves of the mothers. How can one
build a model to explore how the
findings relate to the population dy-
namics of the antelope?

The standard population models in
the literature are of two forms: logis-
tic models (in terms of a differential
or difference equation for the toral
population) and age-structured
Leslie-matrix models (Starfield and
Bleloch 1986). An age-structured

In an African savanna, there are

model might seem promising, because -

calf survival is one of its parameters,
but it would also require data on the
survival of the other age classes. If
this data is not available for the ante-
lope study, must you abandon the
idea of building a model? This article
describes 2 modeling approach that
builds on what you inow and copes
with a lack of information. It is called
qualitative, rule-based modeling
(Widman et al. 1989), The antelope
example used to illustrate this ap-
proach is loosely based on observa-
tions of kudus by Norman Owen-
Smith (described in Starfield and
Bleloch 1986),

A simple antelope-
population model

The population is driven by rainfall
patterns. We begin by looking for the
simplest description of those patterns.
The dry season, for example, can be
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characterized as “long” or “short,”
so we employ those two descriptions
instead of the more conventional
number of days or months since the
last rains. We introduce a qualitative
variable, dryseason, which represents
one of two states, State 1 indicates a
short dry season, whereas state 2 in-
dicates a long dry season,

We can similarly characterize the
rainfall during the wet season. Instead
of a numerical variable, such as
inches of rainfall, we introduce the
qualitative variable rainfall: state 1 is
low, state 2 is average, and state 3 is
high. On the basis of field experience,
we can denote what we mean by these
three states.

If we were to specify the variables
rainfall and dryseason for each year;
our model should then be able to
compute the state of the antelope
population. We might let antelope
represent one of four population
states: 1 is low, 2 is medium low, 3 is
medium high, and 4 is high.

A conventional model would con-
sist of equations enabling one to pre-
dict the antelope population from the
rainfall and dry season input data. In
a qualitative model, rules replace
equations. The rules can be based on
research fiddings. Suppose that the
study of calf mortality gave the fol-
lowing results:

® Calves are dropped at the be-
ginning of the wet season, Rain-
fall in the previous wet season is
an important factor because it
determines the fat reserves in calf-
bearing females at the beginning
of the dry season.

e If the dry season preceding
birth is long, browse becomes
scarce and calf-bearing females
are stressed, particularly if their
fat reserves are already low.

® Browse available to the calves
and their mothers during the wet
season of their birth is also im-

portant for survival during their
first year, Rainfall is strongly cor-
related with available browse. It
follows that rainfall divided by
antelope numbers or density is a -
good measure of browse avail-
able to an individual. ,

We use this information to modify
an internal variable (let us call it
recruit) that balances the factors fa-
voring increases or decreases in the
antelope population and accumulates
the net eEects from year to year. To
demonstrate how this process works,
we develop a set of rules.

The third result of the study indi-
cates that calf survival will be low if
this year’s rainfall is low and the
antelope population is high. This
finding suggests:

Rule 1: If rainfall = 1 and ante-
lope = 4, then subtract 1
from recruit.

The other observations on calf
mortality suggest:

Rule 2: If previous rainfall = 1
and dryseason = 2, then
subtract 1 from recruit.
If previous rainfall = 2
and antelope = 4 and
dryseason = 2, then sub-
tract 1 from recruit.

Rule 3:

The following rules relate to condi-
tions of high recruitment:

If rainfall = 3 and dry-
season = 1,then add 1 to
recruit.

If rainfall = 2 and previ-
ous rainfall > 1 and dry-
season = 1, then add 1 to
recruit.

~ Rule 4:
Rule 5:
We assume that one event reducing

recruitment is not sufficient to lower
the antelope population. Therefore,
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Figure 1. Qutput from the model, show-
ing how the antelope population responds
to cycles of wet and dry years. a. A
14-year cycle. b. An 8-year cycle. Ante-
lope population is represented by four
levels: 1 = low, 2 = medium-low, 3 =
medium-high, 4 = high,

we ulpdate the state of the antelope

population with the final rules:
Rule 6: If recruit > 1, then add 1
to antelope and subtract
2 from recruit.
Rule 7: If recruit < 1, then sub-

tract 1 from antelope and
add 2 to recruit.

In this way, we reset recruit whenever
it has become big or small enough to
affect the state of the antelope popu-
lation. Application of the last two
rules woullzl, of course, have to be
constrained, because antelope can
never drop below 1 or rise above 4.

Model results. The seven rules are
easy to program in almost any com-
puter language. As in a conventional
model, we manipulate the inputs
(rainfall and dryseason) and observe
the output (antelope).

For example, we could explore
how the antelope respond to cyclic
weather conditions. Suppose seven
good years (rainfall = 3 and drysea-
son = 1) alternate with seven bad
years (rainfall = 1 and dryseason =
2). Figure 1a shows the predicred
state of the antelope population duz-
ing a period of 35 years. Figure 1b
shows what our model predicts if we

reduce the 14-year cycle to an 8-year
cycle (i.e., if we alternate four good
years with four bad years).

.Are these results plausible? How do
they relate to the dynamics of an
actual antelope popuiation? If there
are inconsistencies, can we deal with
them by making small adjustments to
our model, or is the basic structure
flawed? We can ask such questions as
we explore what the model can tell us
and how that relates to reality.

Adding a predator to
the system

How easy is it to add another trophic
level to this kind of model? Let us
opulate our savanna with lions. The
ons live mainly off large herds of
migratory animals thaf invade the re-
gion during the wet season. In years
of low rainfall, the migrant herds stay
in the region for only a short time.
However, the lions do not migrate
with the herds and during the dry
season are dependent on antelope and
other Jocal residents. If the lion pop-
ulation is high and the rainfall low,
the lions will reduce the antelope pop-
ulation.

Let us introduce a new variable lion
with three states: 1 is low, 2 is me-
dium, and 3 is high. We can then
insert a new rule:

Rule 5a: If rainfall = 1 and lion
= 3, then subtract 1
from recruit.

Occasional predation by lions will
not noticeably affect the antelope
population. However, the converse
may not be true: availability of ante-
lope may be important for the sur-
vival of lion cubs, particularly during
lean conditions. If we introduce an-
other internal variable lion-recruit,
we might postulate the foliowing set
of rules:

Rule 8: If rain = 3 or (rain = 2
and antelope = 4), then
add 1 to lion-recruit.

If {(rain = 1 and antelope

< 4) or (rain = 2 and

antelope = 1), then sub-

tract 1 from lion-recruit.
1f lion-recruit > 2, then
add 1 to lon and sub-
tract 3 from lion-re-
cruit,

Rule 9:

Rule 10:

")

Time

Figure 2. How the antelope population
responds to weather cycles in the presence

of a predator. a. A 14-year cycle. b. An

8-year cycle. Changes in the predator pop-
ulation are also shown in a. In b, the lion
population was not plotted because it
remained constant at the maximal level.

If lion-recruit < 2, then
subtract 1 from lion and
add 3 to lion-recruit.

Rule 11:

Notice that rules 10 and 11 suggest
that the lions respond more slowly to
changing conditions than do the an-
telope. Figure 2a shows how both the
predator and antelope respond o 14-
year cycles of good and bad years.
Comparing Figures 1a and 2a, we see
that the lions have a noticeable but
not major impact on the antelope. We
also notice that there are large fluctu-
ations in the lion population.

In Figure 2b, we repeat the experi-
ment with 8-year cycles. Here we only
show the state of the antelope popu-
lation. The lion population remained
constant and high, because the
shorter weather cycles enable the li-
ons to maintain their population
throughout the drought. Comparing
Figures 2b and 1a, we see that under
these conditions the lions have a ma-
jor impact on the antelope. Our qual-
itative model is revealing qualitative
differences in the behavior of the rain-
fall-prey-predator system.
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Stochastic input data. An alternative

way of exercising otr model is with

stochastic input data. For example,
we could specify the probability Smt
rainfall wilrbe low, medium, or high,
as well as the probability that the dry
season will be short or Jong. The
computer will then generate stochas-
tic weather patterns. Running the
model many times, we could use the
results to compute the probability of
finding the antelope in a given state
under that particuliar rainfsalll regime.
Figure 3 summarizes results of this
kind. It is one way of showing, rela-
tively simply, how a variety of dif-
ferent conditions might affect the an-
telope population.

Rule-based modeling

Rule-based modeling is an outgrowth
of developments in arrificial intelli-
gence and expert systems, an area that
is now being applied to ecology (Ryk-
iel 1989). Starfield and Blelocﬁy(1936)
first showed how rules might be used
to modify conventional, quantitative
models and suggested how qualitative
dynamic models could be built. Their
ideas were subsequently implemented
in a model that predicted how the
biota in a large, shallow estuarine lake
might respond to changing conditions
of salinity and water level (Starfield et
al, 1989a),

The example of an estuarine lake
has two things in common with the
rainfall-antelope-lion model devel-
oped here. First, both systems are
driven by natural events. Interactions
between the components of the sys-
tem may at times be important, but
they are dominated by external driv-
ing forces such as weather and water

uality. Qualitative models lend
emselves to this type of problem.

Second, in both cases there were in-
sufficient data to construct more de-
tailed models. In fact, in the case of the
estuarine lake there were almost no
formal data, but the rules elicited much
informal information on the behavior
of the system. Qualitative models have
an important role to play in allowing
construction of dynamic models that
draw on what is known without intro-
ducing a host of unknown (perhaps
unknowable) parameters,

Rule-based models, therefore, fill a
niche. Within that niche, they are much
easier to explain and understand than
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Figure 3. The probability of finding the antelope population in its highest state under
different weather scenarios. The graphs may be used to predict for a given area of the
world, where the probability of high rainfall and the probability of low rainfall are
known, how well an antelope population is likely to do. The graphs differ in a third
weather condition—probability of a long dry season—and in whether predators are
present. 2. No predators, 0.3 probability of a long dry season. b. No predators, 0.6
probability of a long dry season. c. With predators, 0.3 probability of a long dry season.

d. With predators, 0.6 probabili

of a long dry season. The graphs show that the

presence of predators generally reduces the likelihood of 2 high antelope population, a5

does a more frequent, long dry season.
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most conventional models. The work-
ings of the model are more accessible,
and the assumptions are more explicit.
Connections between input and output
are easier to trace and explain,

Rule-based models thus promote dis-
cussion. They can therefore draw on
information from different sources; for
example, in our hypothetical model an
antelope researcher can easily incorpo-
rate information on predation.

The ability of these models to syn-
thesize information, without getting
caught up in intricate details, suggests
additional uses. By facilitating discus-
sion between ecologists and en-
gineers, a qualitative model might
provide an effective vehicle for intro-

ducing environmental concerns into
the wider context of management and
design (Starfield et al. 1989b).

It is now generally recognized that
large system models, such as those
generated by the Biome projects of
the 1960s and 1970s (e.g., Innis
1978) tend to collapse under their
own weight. It would be interesting to
build much simpler ecosystem mod-
els, at a level of resolution consistent
with a qualitative approach.

Modeling in the classroom

The rainfall-antelope-lion example is
a model that might be introduced to a
class of undergraduate or graduate
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ecology students, It can be used to
create an active learning environment
(Starfield et al. 1990). It has peda-
gogic advantages over conventional,
numerical, or mathematical models.

This example introduces modeling
without mathematics. Often students
miss the point of modeling, because
they are preoccupied with the mathe-
matics. It is also easy to implement on
a computer, so the student is not dis-
tracted by computational details. All
effort is directed at the modeling pro-
cess. Ease of implementation can be
enhanced even further by developing
rule-based modeling shells! or compil-
ers that enable students to define their
variables and states, build rules, and
then test and run the model in a sup-
portive, user-friendly environment.

Rule-based modeling encourages
parsimony and a thoughtful choice of
variables and resolution. At each
stage of the modeling process, explicit
decisions have to be made. Why, for
example, did we need to introduce
two rainfall variables {rain and dry-
season)? Why did we specify rain in
terms of three states but dryseason in
terms of only two? Why specify ante-
lope in terms of four states rather
than three or five or six?

The introduction of each additional
variable or state extracts a.high price
in terms of the complexity of the rule
set, The student is forced to walk the
fine line between a model that is so
simple that it is trivial and one that is
so complex that it is useless. The stu-
dent can learn to find that line adap-
tively, introducing or deleting addﬁ-
tional states or variables as needed.

In making these decisions, the stu-
dent learns perhaps the most impor-
tant lesson in moj’eling: to match the
model to its purpose and to the qual-
ity of the available information. Mod-
eling is perceived as a purposeful tool
rather than a mathematical exercise
or a precise attempt to mimic reality.

The simplicity of both the input
and output variables helps the student

1A Beta-test version of a rule-based modeling
shell (called Rule and developed by M. Quad-
ling, A. M. Starfield, and J. G. Field) is avail-
able for DOS (IBM-compatible) computers by
writing to J. G. Field, goology Department,
University of Cape Town, 7700 Rondebosch,
South Africa, Enclose a check or bank draft for
$25.00 to cover the cost of the disk, packaging,
and postage and specify whether you raquire a
5.25" or 3.5" diskette.

learn the discipline of planning com-
puter experiments and presenting the
results in a cogent manner,

Rule sets are easy to modify. Stu-
dents learn how to ask *“what if?”
questions and to‘explore the sensitiv-
ity of results to Lﬁe structure and
assumptions of the model.

The device of internal variables
(such as recruit and lion-recruit) can
be used to assign to each organism or
process its own time scale. Qualitative
models are useful for showing how
events that proceed at different rates
can interact. How, for example, would
the results of Figure 1b differ if the
predator responded as fast as its prey?

Finally, the language of rule-based
models fits the language and thought
processes of ecologists. Most students
of ecology leam to ma h)‘rﬁothesa
and build verbal modéls. Rule-based
modeling breathes life into verbal mod-
els, allowing the student to see if his or
her ideas really do hang together and if
the consequences are as :

By using a qualitative, rule-based
model, the students learn the impor-
tance of modeling as a means of com-
munication. Despite -its simplicity,
theay can incorporate good biology,
and they do so in an explicit fashion.
It is easy to sustain a biological argu-
ment about the rules.

The qualitative states, which at first
might appear to be purely arbitrary,
quickly take on a life of their own. The
modeler develops a picture in his or her
mind of the difference between a low or
medium-low population. The processes
of model building and interpretation go
hand-in-hand, The student learns to
relate the model to the real world in an
abstract way and to look for qualitative
rather than numerical differences. It
follows that rule-based modeling en-
courages not only good modeling, but
also good ecology.

A disadvantage of rule-based mod-
eling is that the student does not learn
concepts such as equilibrium, stabil-
ity, catastrophe, and optimization,
which come so neatly out of mathe-
matical modeling. Rule-based model-
ing is not an alternative to other types
of modeling but rather another item
in the modeler’s tool kit. It is a good
tool for the beginner.

There is no need for rule-based
models to compete with conventional
models. Examples should be chosen
(such as succession or systems that

are driven by external events) that are
appropriate to the technique. When
the student has mastered the elements
of modeling, it is easy to present a
problem that is clumsy in a rule-based
form and so motivate the student to
move on to other forms of modeling.
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NEW PRODUCTS

Heated stage. The Kitazato Micro-
Warm Plate® model MP-10DM mi-
croscope stage heater is designed for
observing temperature-sensitive spec-
imens. The transparent glass plate is
heated by a warming element inside
the glass. Temperatures are con-
trolled to 0.1° C of the desired surface
temperature. The MP-10DM glass
plate is 84x106x1 mm and can be
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