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| DYNAMIC MODELSAND
ENVIRONMENTAL SYSTEMS

. Geographers and environmental scientists have a common
philosophical goal namely to understand 'the vast interacting system
compris nlg(; all humanity with its natural environment on the surface of the
earth’ (Ackerman, 1963, 453). In an attempt to understand such a complex
system or set & subsystemsit is essential that we develop appropriate
téchniques to aid our substantive investigations. There are, of course, a
whole host of techm(f:]ues available to geographers and environmental
scientists but only afew pedagogic studies have examined the role of
dgnamm model building _(J\D/Vllson, 19814, 1981b; Thomas and Hug?g_ett,
1980). The system dynamics approach offers another approach to building
dynamic simulation models of environmental systems.

Any dynamic model may be defined as a smplification of areal world

g/s_tem which chang% through time and space. This apparently
raightforward definifion of dynamic models hides a bewildering array of

dynamic behaviour found in"such models (M a¥1 1976). This dynamic
behaviour has been uncovered by usi n% various techniques such as dynamic
entropy maximizing models (Wilson, 1981a, 1981b), dynamic systems theory
(Clarice and Wilson, 1981%, statistical forecasting é ennett, 1980) and system
dynamics (Forrester, 1961). It isimportant to stress, however, that these
various forms of dynamic behaviour are observed in the real world rather
than being an artefact of the methods used to investigate the 'real’ world.
Furthermore, it isimportant to note that system dynamics modelling is not a
statistical technique per se but one approach to causal and simulation
modelling which geographers and environmental scientists may find useful in
their substantive work.

There are numerous texts which describe examples of environmental
systems (Bennett and Chorley, 1978; Wilson, 1981b; Jorgensen, 1986;
Jeffers, 1978, 1987). Fundamentally, any environmental system can be
conceptualized as a series of inputs, outputs and most important a series of
inter-dependencies between the elements which make up the system. These
interactions can beillustrated by the flows of water in a catchment forming a
river basin water system (Figuré 1).

~ Thissystem consists of stores of water which are interconnected by a
series of causal processes. Generally, ﬁ_req pitation is the major exogenous
!nPut to the system. The water from this source enters the soil di rectI)FI by
infiltration, istemporari I)éstored on the soil surface as surface storage such as
lochs, or isintercepted by and temporarily stored on vegetated- surfaces.
Water stored in or on the soil may flow down the valley side slopes b
overland flow, throughflow or pipe-flow to feed the riversin the catchment.
Alternatively, the sub-surface water may percolate downwards to recharge
the ground water storage. The latter maa/ e influenced by deep-storage or
the water may rise by capillary action and pass in to the soil storage. Often in
environmental systems human activity is responsible for extractmg resources
such as water for agricultural, industrial and domestic uses. Furthermore,
water used by usis often returned to the system in a polluted form. In most
stores evaporation or evapotranspiration feeds moisture back to the
surrounding atmosphere.
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~ Several general points emerge from this simple illustration of an
environmental system. First, any description of areal system attemptsto
bring together various aspects of knowledge from %/stemlc disciplines. As
Wilson (1981b, 19) notes, "an important advantage of a systems approach is
the natural tendency to avoid disciplinary myopia'. Next, asacorollary, in
any systems approach it is almost inevitable to omit some apparently less
important aspect of the real system under investigation so that the model of
the systemis asimplified’and mtelll%ble version of complex real
phendmena. Third, the major feature of the flows between these various
stores are controlled by processes. These processes may be natural, man-
made or a combination oT both. Yet, it isthe correct spécification of these
Eroc%ses which gives a causal model of a system its dynamic behaviour.
-ailure to specify these causal processes exacthr can redult in a misleading
simulation of the system under investigation. Fourth, it is obvious from the
above informal stages of the argument that causal processes underlying an
environmental system are complex and much basic scientific research is
required to comprehend the ways in which these individual processesinteract
to gve asystem its dynamism. Finally, attemFts to plan and manage such
systems should not be'too simplistic and fail to take into account the complex
behaviour which results from the interactions of two or more elementsin
systems operating in a holistic manner.

From the above brief description of ariver basin water systemiit is
clear that any model of an environmental system can be used as either a
contribution’to basic scientific research or as an aid to policy orientated
decision making. The objective of the former isto increase our explanation
of a system whilst T]oollcy orientated research attempts to monitor or forecast
the likely |mPact of aparticular policy on the real world system. Increasi nPIy
environmental systems are the focus of both scientific research and policy
orientated studies.

Although environmental systems may be very complex it isimportant
that models of these systems should be kept as simple as possible to reveal
the basic structure of the causal Brocesses underlymg the behaviour of the
system. The rest of this CATMOU attempts to explam the system dynamics
approach to causal modelling. System dynamics, like other system analytical
approaches, has been used m both scientific research and policy orientated
work. No knowledge of model bU|Id|n? or computer programming is
g(ssltljmed. The only pre-requisite is aknowledge of elementary mathematical

ills.

Il CAUSAL MODELSAND
QUALITATIVE SYSTEM DYNAMICS
(i) The use of a systems approach in environmental science.
Systems dynamics, as the name implies, is concerned with the dynamic
behaviour of real world systems. More formally the methodology of System
dynamics can be defined as

A rigorous method for problem identification, system
description, qualitative modelling and analysts of changein



complex systems; which facilitates and can lead to quantitative
modelling and dynamic analysis for the design of system
structure and control' (Wolstenholme, 1985,1052).

Like other methods which use a systems approach to substantive problems
system dynamics emphasi ses thé connection and interactions among the
various elfements of a system which, in some sense, constitute a whole. By its
very nature system dynamics, like other system based methodol ogies uses
bot anaI%t_lcal_ technigues to examine the interactions between elements of a

stem whilst it also attempts some form of functional synthesisto show how
the system changes and evolves. When using a system a¥nam_|cs proach to
tackle complex environmental problemst is obvious that the inputs of many
traditional sciences and other academic studies may be incorporated in order
to give a partial explanation of the problem.

. There are seven stages in the use of alst_em dynamicsin studying and
solving problems. First it is essential to define the problem as clearly as
possible. Thisis an essential and difficult task. Generally, a problem can be
defined as an unsatisfied need to change an unusual observation to an
expected observation. A problem is solvéd when the unusual and expected
observations are perceived-to be the same. Defining a problem is not atrivial
task as a problem which isill-defined is a problem which is unlikely to be
solved (see Figure 2).

Phase 1| Problem definition 4————  System Model
. refinement is an
2 System conceptualization®—»——  iterative
DIOCESS
3 Model representation*——————
4 Model behaviour —————p—
3 Model evaluation >
6 Pglicy altemnatives

7 Moadel use

* includes digraphs and computer flow charts

Figure 2 Seven phasesin system dynamics model building
(after Anderson and Richardson, 1980).

Once the problem has been clearly defined it is necessary to attempt
some form of conceptualization of the problem viewed as a system. This
second phase of system dynamics conceptuali7ation is an art which depends
on the creative i maﬂlnanon of the researcher as well as his’her knowledge of
the way in which the system functions. The latter can be gleaned, in part,

10

from detailed studiesin the field or laboratory, by questionnaires or through a

thorough examination of previous studies. In a system dynamics approach to

causal modelling and simulation this phase of model Conceptualization is

?ggéeﬁ/_ed, |r}) gart, by constructing a causal diagram or digraph of the system.
igure 5.).

. Model representation is the third phase of systems dynamics model
building. This stage consists essentially of trand atl_r(]i? the cauSal diagram into
a computer flow chart. A flow chart is a partid representation of the
sequence of operations which are necessary to solve a problem. Various
conventional symbols are used in flow charting (Wilson, 1981b) but all
system flow charts show input to or output from the components of a'system;
interactions or flows within the system are generally shown by arrow
symbols; major components of the system are usudlly illustrated bY
rectangles whilst regulators or valve symbols are used to portray the controls
operating on flows between the various components of a system. The flows
are shown by lines with arrow heads |nd|ca1:|n]gI the direction of flow. The
flow chart for system dynamics models uses the DY NAMO (DY NAmic
MOdels) converitions. ESsentially aDYNAMO flow chart consists of one or
more state variables or levels'shown by arectangular symbol; rates of
change which are shown by avalve symbol and can only affect a state
variable; auxiliary functions and parameters are shown by large and small
circle symbols respectively. These sets of symbols can be used as a
dla%ammatlc representation of aDY NAMO program. Further details of
51_\( C&l\_l{l I\(/? (f)l é)wchartmg and programming willbe discussed in section 111 of

is .

In the fourth phase of model building the behaviour of the simulation
model is compared qualitatively and quantifatively with the behaviour of the
system of interest's reference mode. The reference mode represents either an
empirical trajectory of one or more state variables through time or a
hypothesised mode of behaviour which the model builders would like the real
system to achieve. In the case of basic science a system dynamics model is
judged to be verified if the simulation model is able to replicate the actual

atiern of the system of interest in a qualitative and quantitatively reasonable

ashion. At adualitative level the model may. be verified if the magnitude
and the timing of turning points of the state variables correspond closaly with
the behaviour of the real system. The degree of correspondence between the
simulation model and the feal system can be measured using the appropriate
statistical techniques (see section 1V). In the case of soft systems, however,
the reference mode is more problematic. Often the actual trajectory of the
real system is not known and-, to make matters more difficult, the future state
of thé system depends more on social value g udgments than on matters of
fact. Asin other cases of forecasting a future trajectory of a system depends
in part on the way in which we model the system of inferest as well as on the
level of confidence about our resulting antiCipations (Bennett, 1980). Again,
however, qualitative and 'quantitative evaluation of the model ‘'might be
undertaken as far as possible, especialy if the model isto be used as part of
the process of environmental management and planning.

) Model evaluation is the fifthphase of model buildi ng| anditiscrucialy
important that parameter sensitivity tests and careful calibration aré
undertaken as well as rigorous forms of verification procedures used
including statistical analyses. In the past the verification of system dynamics

1



model s has been poorly developed although recently there have been some
developmentsin thisimportant area (Legasto et al, 1980; Stennan, 1983).
One of the reasons for the debate between system dynamicists and other
model buildersis the disagreement over the types of verification procedures
to be used. These fundamentally important isSues will be discussed in section
IV. At present, however, it iS5 sufficient to comment on the fact that in
complex, non-linear, multi-feedback dynamic systems conventional statistical
techniques are NOT the only form of model verification nor are they the most
appropriate way in which System dynamics models can be evaluated. It is,
however, important to note that system dynamics maodelling, as in other
forms of systems modelling, is an’iterative process. It is often essential to
refine the %Peratlonal mode! by carefully repeating the first five phases of
model building. Often refinément of the model is enhanced when
quantitative analyses are used.

The penultimate phase of system dynamics model building. is
concerned with the assessment of various policy alternatives. In the onginal
use of the systems dynamics approach much émphasis was placed on the
control and management of industrial and urban systems (Forrester, 1961,
1969). This emphasis on policy orientated research 1s still much in evidence.
As Forrester notes, the ultimate test of a system dynamics model liesin
identifying policies that lead to improved performance of the real system'’
(Forrester and Senge, 1980, 224). Despite the difficulties and ethical, as well
as political, m;pmatmns involved in actually carrying out such testsit is clear
that many system dynamics model builders have overstressed the various
policy afernatives embedded in system dynamics models at the expense of
more rigorous research into theéir own'models. It should, however, be
obviousthat if dynamic models are to be used as tools for implementing
environmental management or other aspects of socio-economic planning then
it isessential that the model on which some of the policies may be based are
sound. If there are major weaknesses in the models then clearly any policy
{\%:_(I)mmfg%gn ons based upon them must carry little or no’conviction

ilson, .

Thefina Phase in system dynamic modelling isto use awell validated
and stringently tested model in order to contribute to an understanding of a
particular problem. In basic science this understanding . may | to an
efficient and effective solution to the problem. In policy onentafed systems,
however, this understanding may lewd to political ways to promote system
change and evolution. If policiés emanating from dynamic models are PUt
into practice then it is essential that the real world system is carefully
monitored to enquire into the ways in which the policy is effective. This
does, of course, raise important questions concerning the ideology of control
in the use of system dynamics modelling or other techniques (Gregory,

(i) Causality and causal models

System dynamicsis aform of causal modelling. It is, therefore,
|mgortant to understand what isimplied by the term causality' (Harvey,
1969). Causality implies three things: covanance, temporal precedence and
production (Pringle, 1980). If vanable Y issaidto be caused by X when
variationsin X are associated with predictable changesin Y, then X and Y

12

show covarianceif al other things are equal. For example, if all other things
are equal, then areas with high rainfall (?8 should be subject to more floodin
(YY) than areas of low raintall. The term causality also implies tempor
precedence insofar as, if event X occurs, then event Y should follow. One
would expect flooding. to follow high rainfall rather than vice versa. The
third aspect of causality namely production is difficult to prove, although
every causal model implies thaf a change in X produces Y. Note that these
two events are not merely correlated but are actually functionally related. 1t
is this emphasis on functional relationships which makes careful causal
modelling a fundamentally important aspect of the system dynamics
proach to simulation modelling. Failure to_ldent!Q/ a sound causal
ructure of a specific system of interest can result in a misleading simulation
model. It is, therefore, important that we examine causal modelling in detail.

In order to classify the hypothesised causal relationships between a
number of variablesin an environmental system it is useful to represent these
relationships d|ea(d;ramma1|cally. A causal relationship is usually represented
by a one headed arrow in which the direction of the arrow indicates the
direction of the causal link as shown in figure 3. If no causal connections
exist between X and Y then they are not connected asin case (a). In case (b)
event X isbelieved to beacause of Y. Incase (c) Y causes X whilst in (d) X
and Y arelinked in areciprocal manner which represents a feedback loop. In
afeedback loop a change in X causesachange mY which in turn causes a
variation in X or vice versa. In system dynamics these feedback mechanisms
forhm the basis of the causal models rather than simple unidirectional causal
pathways.

X Y X—>» (g
) (d)

Figure 3 Types of causality (after Pringle, 1980},

) If the direction of causal linksisignored then the number of causal
links increases rapidly with the number of variables (V). Ingeneral the
maximum number of possible links or degree of connectance (P) is given by

P= 3 V(V-)

If there are no reciprocal links and the causal sequence of the variablesis
known for each link there are two possibilities either the link is absent or
present. Hence, the number of possible configurations C is given by

C=2F

It has been noted that there are V! (V factorial) ways in which V variables

may be ordered, and for each ordering there are C configurations. Then the

maximum number of possible links for V variables approaches CV! AS
Pringle notes 'the chances of discovering the correct (causal) model decreases
rapidly as the number of variablesisincreased, therefore one should try to

keep hypothesized models as simple as possible whilst ensuring that no major
vanable has been inadvertently omitted (Pringle, 1980, 7).

13



(iii) Feedback loops

Given the vast number of Posable linkages in a causal model of areal
world system it is important to try and keep the causal model as simple as
possible yet still provide a meaningful explanation of the environmental
roblem.”In the system dynamics approach to causal modelling feedback
oops form the céntral structuresth %enerat_e change in models of areal
em. It is assumed that the major changes in the System are generated
from the interaction of variables embedded in feedback 1oops within the
boundaries of the model of the s?/st_em. Several implications flow from this
strict assumption. First, it isvitally important that the structure of the model
is an accurate and simple portrayal of the real world problem made at an early
stage in the model development process shown in Figure 2. Failure to give
an adequate representation of the system of interest can result in major
conceptual changes and re-structuring of the model at a later stagein the
model development process. This re-structuring can be expensive interms of
effort, time and computing costs. Next, as environmental scientists and
geographers are dealing with open systems (i.e. with systems which have a
continuous flow of energy, matter or information across the boundaries of the
system) it does not follow that exogenous variables can be ignored. Forcin
functions such as random events can be injected into the model to see how i
responds to these changes. Nevertheless, the focus of change within the
system dynamics model is based upon endogenous changes generated in
multi-feedback loops which often contain non-linearities.

~ Any dynamic model begins at aninitial value for each state variable or
major component of that model. The initial state then changes through a
transient phase in which the pattern of growth or decline of the numerical
value of the state variable changes due to causal processes operating on the
compartments of the model. In many cases a dynamic model reaches a state
of dynamic equilibrium or steady state in which the numerical value for a
state variable remains constant through time or oscillates randomly around an
average value of the component. Often modelsillustrating dynamic
equilibrium can be maintained in this state despite exogenous changesto the
model These exogenous changes simply displace the model from a state of
dynamic equilibrium for a short duration but the model qwc_k_lg recoversto
régain its equilibrium value. The time taken to regain this equilibrium state is
know as the relaxation time. These definitions are illustrated in Figure 4
which shows the trajectory or path of one state variable in amodel of a
dynamic system.

Y A initia] value
state B transient state
variable(s) C esciltation arcund

an equilibrium state
D relaxation time to
recover equilibrium

A

Time

Figure4 Thetrajectory of a state variableto a state of dynamic
equilibrium.
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“Two types of feedback have been distinguished, namely, positive and
negative loops, In a positive feedback loop a disturbance to any variable in
the'loop can reinforce the behaviour of the lgop. If asystem isin a condition
of dynamic equilibrium then a disturbance in a positive feedback loop can
cause the whole system's behaviour to grow or decline from the eguilibrium
point. A positiveor self-remforcing loop tends to amplify any disturbance
generated, either by endogenous or exogenous functions to produce
exponential growth or decline. In a negative [0op, however, an alteration to a
variable in that loop can cause the system to fluctuate around or to returnto a
condition of dynamic equilibrium. Often negative feedback loops are used as
cybernetic or control systems and can be most important in generating policy
option controlsin amodel of an environmental system.

) An example of a positive and a ne%atlve feedback loop is %lven in
figure 5. In the case of apositive loop the diagram can be read as 'the more
people there are, the more-births there will be; the more births there are, the
more people there will be'. The + sign at each arrowhead indicates that the
entire loop is positive. Note the same diagram could also be read as 'the
fewer people there are, the fewer births there will be; the fewer births there
are, the fewer people are added to the total population’. Obviously, in the
latter case the population may decline if al other influences are ignored. The
positive sign in parentheses indicates the entire feedback loop is positive.

In the negative loop, shown in figure 5b, the number of deaths increase
asthetotal population increase; but as the number of deaths increases the
total population may decline. Obviously, if all other things are equal, then
the total population will eventually become extinct. Again, the negative and
positive signs at the arrowhead show the direction and nature of the causal
arrows. Whilst the negative sign in parentheses shows that the overall
structure of the feedback loopin this model is negative.

Generaly, Xstem dynamics models are composed of several positive
and negative feedback Io%ps which form multi-loop systems. By simply
combini ng the positive. and negative loops shown in Figures 5(a) and (bs)a
crude model of population dynamics can be made as seen'in Figure 6.

This model could, of course, be developed further to show different
population cohorts by age as well asto illustrate the various determinants of
population dynamics. A more complex causal diagram of population
dynamicsisillustrated in Figure 6b.

In this model the total population (POP) has been subdivided into four
Populatl on cohorts with the corresponding mortality rates as negative
eedback loops in the system. The humber of births and maturation rates
(MAT 1, MAT 2, MAT 3) form positive causal arrows and would cause the
population to grow if the vital rates are greater than the death rates. Asin the
earlier ssimplé model (Figures 5 and 6a) this model excludes migration
(Madden and Moffatt, 1979) and any links with the resource base which are
vital components of arealistic demographic model. Obviously the causal
dla%r_ams we develop can become increasingly complicated but it’is necessary
at this juncture to be able to progress from drawing causal models to build
operational versions of these causal diagrams or digraphs.
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Figure 6a A population dynamics model.
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Il COMPUTER SIMULATION AND
QUANTITATIVE SYSTEM DYNAMICS

(i) From digraphs to DY NAMO flowcharts

One of the pedagogic advantagles of using the system dynamics
approach to computer simulation modelling isthal it is arelatively simple
task to trandate a causal diagram into a DYNAMO simulation model. Only
two steps are involved in this tranglation, namely, the completion of a
DYNAMO flow chart and then transcribing this flow chart into a computer

rogram using the DY NAMO computer simulation Iangu%?e or other

anguages such as NDTRAN or DY SMAP (Pugh, 1976; Stewart and
Ratnatunga, 1977).

A DYNAMO flow chart is an illustration of the postulated
relationships between the various elements of a system. It depicts the
assumptions with a degree of detail somewhere between the dynamicall
suggestive, but incomplete, digraph or causal diagram, and the detailed,

recise instructions wntten in DAgeJAMO. The following example illustrates
he way in which a digraph can be trandated into aDYNAMO flow chart

Consider the growth of populations depicted in Figure 7. If it is
assumed that no migration occurs in this system of interest then it is obvious

that the total population increase is due to'the net birthrate exceeding the net
deathrate.

Papulatian Fopulation

carrying o
? ) sapacity

Time e TTime —t—-
Population growth— Paguiation grawrh-
exponantial {a) lagistic (b}

Figure 7 Two trajectories of population growth

If left unchecked this population %rowth may become exponential (Fig. 7a)
but if the system was constrained then population growth mgP/ show alogistic
form (Fig.7b). In this section we concentrate on exponential growth and will
return to population growth in a constrained system later (cf. Section 111 iii).
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. Inthe case of exponential population growth it is clear that the number
of births exceed the number of deaths per unit of time. These two rates of
change represent a positive and a negative feedback loop respectively
operaling on a state variable named POPto represent the total population.

The causal dia(t;ram isshown in figure 8 where the birth rate (BR) forms a

positive loop; Total population (POP) the state variable or level; and the
death rate (DR) represents a negative loop.

S N

Birth Tatal Death
Rate {+3 Papulation (=1} Rate
{BR} (PO {DR)

+\_/ B \_/
Figure 8 A simple demogr aphic digraph
It is now possible to trandate this digraph into aDY NAMO flow chart

by using the conventional symbolsin this simulation language. In Figure 9.
several of the major symbolsused in DY NAMO flow charting are illustrated.
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Figure 9 A DYNAMO flow chart of population dynamiics.
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The state variable or level is represented by arectangle; the birth and
death rates by valve I|keez§%/mbols and the flow of people info and out of this
system by births or deaths by two solid lines. The cloud-like symbol
represents the boundaries of the system of interest. The two plimsol-like
sips represent constant parameters whilst the broken line represents
information flows between the various elements of the system. Itis now a
relatively straightforward task to transcribe this flow chart'into aDYNAMO
computer program.
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(ii) Writing a DYNAMO program

In this monograph it is assumed that the reader has access to
DYNAMO on acomputer for his’her work. DYNAMO is available on
DECVAX 11/780 and IBM 370/380 mainframe computers and micro-
computers. A somewhat similar language DY SMAP is used on some ICL
mainframe computers. Another Ianguzfge NDTRAN 2 isalso available on
mainframe computers. Currently DY NAMO is available on several micro-
computers such as APPLE |l 64K machines with PASCAL interface or on an
IBM personal computer in the form of 'Professional DY NAMO or similar PC
clones éPugh, 1976; Stewart and Ratnatunga, 1977). It is NOT, however,
essential to use DYNAMO as many DY NAMO maodéls can be trandlated into
BASIC or FORTRAN which are more widely available on microcomputers
or mainframe computers (Jeffers, 1978). the remainder of this section
translates the DY NAMO flow chart into aDYNAMO program.

Any DYNAMO statement is written in the following form:
Type Variable name = expression

A single letter typed into the first column of a program represents the type of
equation forexample L representsa L evel; N an Nitial value,. C a Constant;
R. aRate; A an Auxiliary and T a Table function. In DY NAMO the basic
tool isthe integration conCept written as

quantity of variable now = quantity Or]; variable earlier + elapsed time x rate of
change

AsDYNAMO is concerned explicitly with dynamic simulation it is important
that time subscripts are used in theé program. In DY NAMO the following
notation is used: the ',resent time isindicated by subscript K, written as
'variable name.K'; the previous time period by subscnpt J; and the
difference in time between Jand K is given by DT. The above eguation can
now be re-written as:

Type quantity of variable . K = quantity of variable . J+ DT*rate of change

~ Obviousdly, it would_be cumbersome to write a program with such long
variable names. Hence, in DY NAMO any variable is denoted as an
abbreviation, usually a mnemonic, followed by an appropriate time suffix,
depending on the type of variable. The mnemonic must be no greater than
five alpha-numeric -characters beginning with aletter.

~Inthe population dynamic example (cf. Figure 9) it is now possible to
write the level equation as follows

L POP.K =POP.J+ (DT) (BR.JXK - DR.JK)
where L isalevel type of equation i.e. an integration

POP - Population

BR- Birth rate

DR - Death rate ) )
DT - the solution time or length of computational interval
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. There are severa important points to note about any level equation.
First, alevel equation defines a state variable at the present or current time
period in terms of its previous value and its change during the time interval
10T. Next, alevel equation represents a simple Euler integration technique in
DYNAMO in which the rate of change is assumed to be constant during the
solution time DT. In order to minimize the numerical inaccuracies DT must
be chosen at least one half or one-quarter of the size of the shortest temporal
delay in the model. Often the value of the shortest time constraint is not
explicit in the model, asit is embedded in an inbuilt function in DYNAMO,
hence several experiments must be performed in order to determine a
satisfactory value for DT (Pugh, 1976; 19_80?. Third, the nature of an
statement expressed as a level or state variable may range from a single
number or variable to a complicated combination of factors and terms
involving numbers, variables and functions. Often, these complicated
expressions are placed in parentheses. Any expression in parentheses is
calculated first, and its value is then substituted for the parenthetical
expression. It will be noted in the above level expression that the death rate
is subtracted from the birth rate. Generally, the operations of addition,
subtraction multgjll_catl_on and division are denoted by +, * ,/respectively.
Multiplication and division have priority over addition and subtraction.

Inthe DYNAMO flow diag&am the level (POP) is directly influenced
by two rates namely birth rate (SR) and death rate (DR). A rate equation

lescribes how the rate of flow into or out of alevel varies, depending on
other conditionsin the system. All levels are controlled by rate equations.
As Forrester states 'ratés of flow cause the levelsto change. The levels
Erowde information inputs to the rate equations which control the flows.
L evels are changed only 2?/ rate of flow. The rate variables depend only on
information about the Iévels. No rate can directly affect another rate and no
level directly affects any other level.' (Forrester, 1969; p.14; 1961). I N
DYNAMO arate equation uses the double letter subscript, JK or KL. The
subscript JK represents the previous time interval Jto K the present and KL,
the next timeinterval from K to L. Graphically, the alteration of the
numerical value of alevel by the differences between the rates of flow into or
out of the level are shown in Figure 10.

T K Lr :
. =
Levelor, y ! ' DT - solution interval
state variable Lo l
el n Bt L
'DT,DT DT
| i !
Simulated time

Figure 10 Time subscripts J, JK, KL in DYNAMO
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In the case of the demographic model the birth and death rates have the
same structure. The birth rate (BR) can be written as

R BR.KL=POP.K * BRN

where R is a Rate type of equation
POP is the Population level at time K
BRN is Birth rate Normal (a constant)

Similarly, the death rate (DR) can be written as
R DR.KL = POP.K * DRN
where DRN is a Death Rate Normal (a constant)

) There are two types of constants used in system dynamics. The first,
like Birth Rate Normal (BRN), is anumerical value which must be given
explicitly in the program as follows

C BRN =0.001
where C is a Constant type of equation
BRN - Birth Rate Normal (set at 1 death/000 people)

The second type of constant is an initial value equation which defines
the value of alevel at the beginning of the simulation. The variable namein
such an equation is the name of the level without time suffixes. Its
expression can be a number, the variable name of a constant or a combination
of other variables without tem suffixes. To initialize the popul ation model
the following format is used:

N POP = POPI
C POPI = 3000000

where N isan iNitial type of equation

CisaConstant type of equation _ _
POP isthe numerical value of the level (POP) representing population

POPI isthe population at theinitial stage of the model where POPI isset, in
this case, arbitrarily at 3 million people.

The entire DYNAMO program for the population growth model givenin
Figure 9 is presented in Table 1. It will be noted that in any computer
program a clear layout is essential. In DYNAMO the use of either NOTE or
* in column 1 is useful to describe the contents of the program or some aspect
of it (lines 10 to 60 inclusive). Like the REM statement in BASIC the
computer ignores anything that followsa NOTE or * line (see line 140). The
body of the computér program is given by lines 70-130 inclusively. Note,
however, that unlike BASIC line numbersare NOT tgged into the program.
The output for the 8rotgram is called up in lines 150-180 inclusive. The
specification or SPEC of the duration of the simulation is given as length; the
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solution interval DT is set at unity but most of these parameters can be
altered. The PLOT or PRINT lines actually plot and print the information
required, in this case the population at each mterval for 50 temporal units.
The%/ are invoked by using the inbuilt DY NAMO functions PLTPER (for
plotfing) and PRTPER (for printing) in the SPEC line 150.

10 NOTE AN ELEMENTARY DYNAMO PROGRAM

20NOTETOILLUSTRATE THE DYNAMO SIMULATION
LANGUAGE

43% NOTE POPULATION DYNAMICS MODEL

50
60 NOTE POPULATION SECTOR
70 L POP.K=POP.J+(DT)(BR.JK-DR.JK)
80 N POP=POPI
90 C POPI=3000000
100 R BR.KL=POP.K* BRN
110 C BRN=0.0015
120 R DR.KL=POP.K * DRN
130 C DRN=0.001
140 NOTE CONTROL CARDS
150 SPEC LENGTH=50/DT=1/PL TPER=1/PRTPER=1
160 PLOT POP=X
170 PRINT POP
180 RUN STD

N.B. line numbers are NOT typed into the program which begins with atype
statement e.g. L inliné 70.

Table 1 An elementary DYNAMO program

(iii) Logistic growth model

_ In many realistic system dynamics models the feedback loops are
interconnected in a complex way by use of auxiliary e?uatlons. An auxiliary
equation can contain constants, levels, auxiliaries and table functions. Often
auxiliaries can _reﬁr&eent either hypothesised or empirically determined
relationships which may be linear or non-linear. Furthermore, the behaviour
of arealistic multi-feedback non-linear system can be made more complex b%l
incorporating temporal delaysin the structure of afeedback loop (see Pug

1980 for details). In order to illustrate the use of auxiliary equations an

table functions in a system dynamics model the original population dynamics
P10de| which showed exponential growth, will be altered to show alogistic
orm.
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. Thestructure of this new population model is presented in the digraph
in Figure 11. Unlike the previous elementary model of growth anew
feedback 1oop has been incorporated into the structure of the model. This
feedback loop is ne%atlve and incorporates the assumption that as the
carrying caﬁacny of the area is approached there is a dramatic fall in the
birthrate. This aSsumption could, of course, be challenged as death rates
could increase or both sets of actual rates may change. Nevertheless, for
illustrative purposes, it is assumed that only the birth rate declines.

/—\ . /—\ .
Birth Rate (BR} T+ Aaculatiar (FORY =] Ceain Fate {OR)
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/
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Figure 11 A digraph of a new model of population dynamics

~ Asinthe Previous worked exampleit isrelatively easy to trandate the
digraph into atlow chart as shown in Figure 12. In'thishew loop in the
flowchart new auxiliary and table functions are introduced whilst the rest of
the model remains the Same as in the previous example.
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Figure 12 A DYNAMO flowchart of the new model of population
dynamics
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The new flow chart shows that as the population total increases (PQP? then
the carrying capacity (CC) of the areais approached. Asthe limit to the
carryi n%/lcapa(_:lt%/ is approached then this has an impact on the infant survival
rate (ISM) which in turn reduces the birthrate (BR).

The way in which the new auxiliary table function operatesin the
model can be explained as follows. The auixiliary equation ﬁ C) represents
the carrying capacity of the areai.e. the total number of people which can be
supported at a given level of material welfare. The limit of this carryin
capacity _isgiven by the constant parameter. (PM A)g. The constant is Set ¢
five milTion'in the model but, of course, ui areal study an exact valueis
required. The relevant lines of the program in DY NAMOare given as

131 A CC.K=(PMAX-POP.K)/PMAX
132 C PMAX=5000000

where A isan Auxiliary equation

CC is carrying capacity .
PMAX g aconstant sét POP istotal
at 5x 10u population in the level

The table function is a simple device for 'looking up' the values of a
dependent variable as a function of an independent vanable over a specified
range. The dependent variable and its range are specified in an auxiliary
equation preceding the table. In a digraph table functions are shown
symbolically by using two parallel Imes% ndicating a table function) cutting
horlzonta_lIP/ through an auxiliary symbol (shown as a circle). The following
example illustrates the relationship between the Infant Survival Rate value
and carrying capacity.

133 A ISM.K=TABLE(ISMT,CC.K, 0,1,.25)
134 T ISMT = 1.00/0.9510.88/0.78/0.00

Table functions are .quite powerful devicesfor re presenting linear or
non-linear relationships in a simulation model. Complex non-linear
relationships can be shown by using polynomial formsusing 'FABPL. If the
range of values exceeds the [Imits of thé table function then the highest and
lowest valuesin the table will be used if the function TABHL is used (see
Pugh, 1976 for details). In the above example the term ISM represents the
infant survival multiplier rate which descends as the carrying capacity
increases from alow value to uth. In this example the actual value for 1ISM
is given by interpolating the straight line values between successive points on
the curve given by the function ISMT. Asthe DY NAMO compiler usesa
linear interpolation for values of ISMT between the specified pointsit is
important to use a small step size to increase the accuracy1 of the model as
shown in Figure 12. It is also important to note that the relationships
embedded in a table function may be determined from empirical research or
could be completely .hypothetical. If hypothetical relationships are assumed
in a system dynamicS model then it'is essential that the model builder
indicates the tentative nature of these relationships. As Radmaker notes, 'The
analysis of any system should always be conducted in such away that the
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consequences of the weakest assumptions are kept in sight as much and as
long as Poss ble, but unfortunately, most system analysts lose track of their
a55119741m 5; ons almost as soon as these have been introduced'. (Radmaker,

Onlty ane further amendment to the original program is required for it
to work. ITwill be recalled from the dl?raph_ and the flowchart that the infant
survival multiplier has an impact on the birthrate (see figures 11 and 12).
Hence, line 100 should be replaced to show this relationships viz:

100 R BR.KL=POP.K * BRN * ISM.K

It must be noted that in DY NAMO there are no line numbers, asin BASIC,
thegt_rst entry on any line being atype identifier e.g. R for Rate in the above
equation.

(iv) Difference equations and system dynamics

The growth of population examples discussed in sections ME and Illiii
represent very simple dynamic models. Both of these models have one state
variable or level namely po'gulatlon (POP) and two rates r%presentmg birth
and death rates (BR and DR) respectively. The DY NAMO flow chart and
p_rngram clearly show the structure of this model which is based on asingle
difference equation. A difference equation relates a dependent variable, Say
POP in terms of the difference between that value of POP at one instant and
the next time period. A first order difference equation can be written as

PoP, = aPOP;

where POP is the dependent variable, ais a constant and the subscriptst and
t— 1 represent the current and previous time period respectively. The above
equation is afirst order difference equation as it involves only the previous
time period. A second order difference equation involves alagged
relationship between two time periods

POP, = aPOP,_; + bPOP_»

where b is another constant and t-2 is an earlier time period. In complex
system dynamics models third and higher order difference equations are used
to smulate real world systems.

) The use of difference equations in the system dynamics approach to
simulation modelling can be appreciated in the Tollowing graphical example.
In Figure 12 the growth of Plopulatlon %POP) is shown as an inflow of births
minus an outflow of deaths. These 'flows of people into and out of the

stem may be labelled birth rate (BR). and death rate (DR). Hence a

Ifference storage equation for the population can be written as

APQP = BR-DR
At
where A POP is the change in population size during a time interval A
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The transport laws which define the flows of people as birth and death
rates can be set up if it is assumed that each rate is proportional to the size of
the population. Hence, the specific birth rate, that is, the number of births per
unit of the _population per unit time can be estimated from the relevant census
returns and wntten as

BR = bPOP
where b is the specific birthrate. Similarly, the death rate can be defined as
DR = dPOP

where d is the specific mortality rate that is the number of deaths per unit of
the population per unit time.

_Substituting the definitions for birth and death rate (BR and DR) in
equation 1 gives
APQP = bPOP-GPOP
At
which can be re-written as
_LPOP = (b-d)POP
At

The difference between the specific birth and death rates (b-d) is called
the specific growth rate of the population termed r. This growth of
population can be seen graphically in Figure 13, It is obvious that A POP is
a small difference and can be written

as

APOP=POP, 1 - POP,
where POP,, | is the population at t+1 and POP, is the poPuIation a time t.
Similarly, thitime interval At, i3 equal to (t+1)-t. Therefore, the equation
may be expressed as a first order difference equation

POP,; =POP; + (1POPYA¢

(population)
opulaton
pop 50

TIME, ¢

Figure 13 Graphing the population increase, APOP,
during atime mterval At
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This model of population growth isidentical in structure to the
DYNAMO level equation givenin Table 1 line 70. Both formulations
represents first order difference equations of a simple population growth
model that is, asyet, uncalibrated.

~Inorder to us the population models the initial value for POP must be
given (32.52 x 10° for ngland & Wales 1901) and the length of the
Simulation as well as the solufion time (DT) must be written into the program.
Table 2 lists the results of several simulations using the exponential and
logistic population growth models. Obviously the degree of correspondence
between the predicted and actual patterns depends on the accuracy of the

arameters of the model aswell as the step size or solutlon interval (DT).

sing DT=1; BR=0.0065; DR=0.001; PMAX=60 x 10° the |ogistic and
exPonentlaI models give a'reasonable fit with the real world data. (table 2
columns 4 and 5).

Date Decades Actual or Exponential Logistic
(®) Observed Model Predicted Model Predicted
Population x 10° Population x 10°  Population x 10°
1901 0 32.52 32.52 32.52
1911 1 36.07 34.35 34.12
1921 2 37.88 36.29 35.81
1931 3 39.95 38. 37.62
1941 4 40.49 39.54
1951 5 411475 42.78 4157
1961 6 46.10 45.19 43.74
1971 7 48.85 47.74 46.06
1981 8 49.16 50.43 51.14
1991 9 - 56.28 53.94
2001 10 - 56.28 53.94

Table 2 Results of the exponential and Iogiai0fopulation growth model
for England and Wales, 1901-2001.

~ There are, of course, several weaknesses in the model structure. First,
migration is excluded in both the logistic and exponential_growth models.
Next, both models assume that the initialization of the level P) isaccurate
but it may be in error. Third, the exponential growth model assumes a fixed
birth and death rate. This assumption is flawed on two counts namely the
accuracy of the birth and death rate constants. More seriously it is known
that in Several Western countries the birth and death rates have altered
through time. These alterations, known as the demographic transition, are not
incorporated into the structure of the model although they have been included
in more detailed models. Final I¥, both dynamic models are sensitive to
E:#angedg the solution interval (DT) - the smaller the value the more accurate

e model.
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_ Inthe case of the |ogistic model the hypothetical nature of the infant
survival multiplier and its links with carrying capacity would need to be
examined in greater detail. Similarly, the dégree of fit bétween the predicted
and actual population size would heed to be compared using a variety of
techniques of verification (see section 1V).

(v) The mathematical basis of all system dynamics models

_One of the major advantages of com?uter simulationsis that they
combine the strength of the human mind and the power of today's computers
to tackle complex, dynamic problems. Obviously, computer simulations are
onI% used when the problem cannot be solved by use of gpproprlate analytical
techniques. In this chapter it has been shown that the methodology of system
dynamicsis acareful reflection of the underlying difference equations which
are believed to give a useful representation of a particular system of interest.

i At first sight the causal diagrams or digraphs are similar to those used
in other approaches to systems modelling. A" moments reflection, however,
will reveal that system dynamics causal diagrams focus on complex feedback
loops. These feedback |0ops may contain many delays which ensure that the
mathematical formulation of the operation of simulation models contain
second, third or higher order difference equations. One of the advantages of
using difference equationsisthat it permits researchersto deal 'numerically
or on a computer with afinite number of points and with the differences
between values at these points' (Wilson and Kirkby, 1980, 187).

By trandating the digraph into a DY NAMO flow chart the model
builders mental or verbal model of the s;{stem is made trangparent and the
structure of the difference equationsis clearly revealed. Thisrevelation is
observed in the unusual symbols used in DY NAMO with the levels or state
variables representing a method of integration; the rate symbols representing
changes from one time interval to the next; the auxthary équations, including
table functions and constant parameters, help to clarify the processes whereby
achangein one level influences another level viathe rate equations.

In general terms, then, any system dynaunics model is a completely
recursive set of difference equations consisting of k level equations, n
auxiliary equations, n switching equations and rate equations (pz k). The
level equations are linear combinations of the rate variables. e rate
equations are arithmetic but can often contain auxiliary equations. These
auxiliary equations are arithmetic, linear or non-linear table functions are also
completely recursive. A recursive system of equations is solved by
calculating the values of the state variables at the next time period from the
values of the same variable for an earlier period. The switch functions are
univariate, binary switches which can alter the rate equation. These switch
functions may include behavioural, homeostatic feedback controls and are
often used in examining policies embedded in the models. A homeostatic
control is one which maintains a system in a state of dynamic equilibrium by
the operation of one or more negative feedback loops. In the case of dynamic
modelling for environmental management the decision maker can attémpt to
control the model of a specific system by using negative feedback loops as
'levers for the application of particular policies.
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With regard to the mathematical basis of system dynamic models Day
remarked that, 'to the mathematically initiated the approach appears to
disguise what is alogically conventional and relatively simple class of
dynamic models. To the general scientist who lacks or does not prefer
conventional mathematical toals, the approach offers arigorous, flexible and
intuitively apﬂealmg, though limited, methodology' (Day, 1974, 126). 1 n
short the'methodology of System dynamics is a Systematic, consistent and
carefully constructed’, elementary approach for building linear and non-linear
dyntﬁmlc simulation models which can be of use for examining environmental
problems.

IV MODEL EVALUATION AND
SYSTEM DYNAMICS
(i) Model evaluation

i The words 'validation' and 'verification' are often used differently by
different writers. Here, validation refersto a consistent, internal logical
structure of a model, whilst verification refers to the various ways in which a
model's behaviour can be compared with the real world system. In the past

stem dynamicists have, by and Ia_rtgeélpajd too little attention to subjectin
their models to various types of verification procedure. This hasled to a ho:
of methodological criticisms (Nordhaus, 1973; Forrester et al, 1974;
Legasto, 1980) whichhave done little to persuade other researchers about the
useééﬂ ness of the system dynamics approach to causal and simulation
modelling.

In particular quantitatively orientated researchers have bemoaned the
fact that statistical techniques are rarely used to evaluate the numerical
accuracy of system dynamic models; thereply that ‘conventional statistical
tests of model structure are not sufficient grounds for rejecting the causal
hypotheses in a system dynamics model’ (Forrester and Senge, 1980, 217) has
some truth to it but it"does not follow that all statistical tests can be
abandoned in favour of arguments over plausibility of the models.
Fortunately, this deplorable state of affairs has been re-examined and several
system dynamic model builders have proposed series of tests which can be
used to evaluate a system dynamic moael. Thesetests are listed in Table 3.

Model structure

a structure validity

b boundary adequacy ) _

c extreme conditions and dimensional adequacy
Model behaviour

d garameter verification and sensitivity

e ehaviour reproduction and forecasting

f changed behaviour forecasts

(After Forrester and Senge, 1980)
Table 3 Testsfor evaluating system dynamics models.
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Tests of model structure
a)  Structure validation

~ A model isjudged to have avalid structure if it isinternally consistent
with the assumptionsit is based upon and that these causal structures include
the most |mﬁ0rtant feedback loops for understanding the way in which the
model and the real system function, Obv_lousl?/, no causal simulation model
could consist of ent|rel)(_ known and empirically verified relationships as the
art of simulation modelling isto throw light upon causal relationships which
have yet to be su_t()J ected to further research and empirical testing. A model is
judged to be valid if the following two conditions are satisfied. First, if the
model is caPabIe of describing and predicting the behaviour of the system
satisfactorily. Next, if changes in policy options embedded in the model
produce the desired improvement in the simulation forecast and will produce
closely similar improvements when applied to real world systems. This
second aspect of model validity can give nseto ethical and political problems
(see section V).

b)  Boundary adequacy

The setting of a boundary around a system of interest is a difficult task.
In system dynamics a boundary is set when the model builder is satisfied that
all the important interactions via feedback loops actually mimic the behaviour
of the real world system. With regard to policy orientated research it is
assumed that policies activated in the model can occur within the system
boundary rather than be imposed on the system from exogenous inputs. It is
important to note that closing the boundary of the system model does not
exclude important forcing functions which can be generated exogenously.
Hence, many environmental systems, which are by definition open complex
systems, aré modelled as if the major interactions are contained within the
provisional boundaries of the systém model. It isonly in the later stages of
system dynamics modelling that the adequacy of the boundary can be
empirically verified.

C) Extreme conditions and dimensional consistency

The extreme conditions and dimensional consistency tests are also
useful for ensuring a valid structure to a system dynamics model. The
extreme conditionstest is avery strong procedure for evaluating. system
dynamics models. This test consists essentially of considering the
implications of imaginary minimum and maximum values of each state
variable or combination of state variables which through interconnected
multi-feedback loops influence a rate equation. The extreme condition test is
important for two reasons. First, it can reveal flawsin the model structure by
illustrating for example, if alevel has a negative value. Next, by examining
model behaviour under extreme conditions this can "enhance the models
usefulness to explore lpohm% that move the system outside of historical
ranges of behaviour" (Forrester and Senge, 1980, 2_14?. Furthermore, in any
model it isvital that the dimensions of the state variables and parameters are
correctly specified and consistent. Failure to pass this elementary and
essential test casts serious doubts on the structure of the model.
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Tests of model behaviour
d) Parameter verification and sensitivity

In many system dynamics models three types of parameters are
generally found: initial values, other constants and fable-functions. Asinitial
value parameters are used to set the initial valuesfor all state variablesin a
model it isimportant that these should be based on the most accurate data
available. Similarly, the numerical value of the constants ought to be as
accurate as possible. It is also assumed that the 'constant is, in fact, invariant
during the simulated time period - although when simulating thousands or
millions of years of environmental changes the 'constants' may alter. In this
caseit isbedt to use table-functions in the model structure.

Table-functions can be linear or non-linear relationships which are
based on eum_ cal data or hypothesized. relationships. In the former case the
usual curve |_tt|r;(ig procedures such as linear or non-linear regression should
be used to estimate the equation to be the best fit curve for the table function
(I;eérf?uson, 1978). In the case of hypothetical relationshipsit is essential to
deafly state the'basis for this relationship in the model. In several early
system dynamics models, such as Urban Dynamics (Forrester, 1969), all the
system-functions were hypothetical. Whilst there is nothing wrong in linking
hypothetical relationships into a general theory of, say, urban structure, it is
important to attempt to justify both the model's output and some of the
hypothetical relationships. As Naylor and Finger note 'simulation models
based on purely hypothetical functional relationships and contrived data
which have not’beén sub{e_cted to empirical verification are void of meaning
... and such amadel contributes nothi n9 to our understanding of the system
being simulated' (Naylor and Finger, 1971 p.17)

Multi-loop, non-linear feedback dynamic system models behave in
unpredictable ways. This has often led system siamicists to argue that their
models are insenditive to parameter changes. What is actually meant is that
system dynamic models :are insensitive t0 most parameter changes. In most
cases model behaviour is sensitive to afew pointsin the system'. (Tank-
Neilson, 1980, 192). It is, however, often difficult to perform Sensitivity tests
on non-linear models especially when alarge number of parametérs are
involved. Nevertheless, it is possible to perform sensitivity analysis on the
models to highlight those parameters that alter the behaviour of the model in
asignificant way (Tomovic and Vukobratovic, 1972).

Parameter sensitivity tests may be defined as running a simulation
model by successively changing one or more parameters in the model and
then comparing the model outgut to determine the effects of the changﬁs)
(Vermeulen and de Jongh, 1977). In many large system dynamics models,
accurate values of all parameters are not always Known hence the need for
much information can be avoided by using the estimated values of these
unknown parameters. If the system exhibits arelative insensitivity of these
parameters, then the estimafed values can be adequate. If, however, the
parameters are shown to be sensitive then much more effort should be
exdsended to obtain their more accurate values (Tomovic and Vukobratovic,
E;Lel72)' An example of sensitivity analysiswill be presented in subsection iv

ow.
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€)  Behaviour reproduction and forecasting

One of the principal uses of simulation model Iiré% isto try and mimic
the behaviour of a particular system of interest. This behaviour reproduction
atte_maBts to replicate the magnitude, turning points and periodicity of the state
variables in a system. If the historical trajectory of the state'variablesis
simulated with a reasonable degree of accuracy then an unconditional
forecast may be made (Ferguson and Morris, 1987).

Unlike a scientific prediction, which isa single, one-off scenario for a
future event, an unconditional forecast anticipates a future state of the system
of interest if no action istaken. In Figure 14 a qualitatively, reasonable fit
between the predicted and actual system of interest is presented along with an
unconditional forecast.

Actual

Predictec Unconditignal

forecast

"G

Mean Surface
Temperature

b1t} Past 197§ The present Futyre

Time

Figure 14 Actual and predicted tegperature change for a hypothetical
system.

f) Changed behaviour forecasts

Increasingly, environmental scientists and geographers use simulation
models to determine the response of the real system to policy actions. These
new policy options give rise to changed behaviour of the system and are
known as'conditional forecasts. These conditional forecastS may alter the
trajectory of the unconditional forecast in different ways. Once various
alternative scenarios have been simulated, by altering policy optionsin a
system dynamics model, then the 'best' of the alternative policy options
availableto effect a desired change can be selected. Obviously, thé choice of
the 'best’ option raises technical and ethical problems.

At the technical level system dynamic models can easily incorporate

various policy. options by using switching functions to turn on a policy at a
selected time'in the simulation. 1f, for example, it was felt desirable to check
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Population growth given in the previous models (cf section DI) then various
orms of birth control or increased death rate could be advocated. These
‘policy’ options would then be switched on during the simulated time period
to endure that, in this case, the population total did not rise above, say, the
carrying capacity or a socially desired norm. Asin the case of the original
model it is, of course, important to determine the sensitivity of these new
parameters introduced into the model.

The ethical problem involved in choosing the 'best' decision is much
more difficult to resolve than the technical problem - athough it does require
some technical expertise. Chen and Gamson clarified the1ssue when th
wrote that 'Perhaps the most difficult question for the physical scientist is that
of the underlying value structure of the social group béing modelled, since
value laden questions are usually avoided by _physical scientists and
technologists ... if public Pollc planning is basically a bargaining process,
then one useful way to ex end{ stem dynamics models) ... will be to adapt
its methodology to value orientated social system analysis ... the purpose of
modelling on the basis of different valuesis to identify the optimum policy
for each value group, to understand why and wheré these groups differ
fundamentally, to help them communicate with one another, and (one hopes)
to generate new policy alternatives that are closer to the grwent optimum in
the'bargaining process..." (Chen and Garrison, 1972, p.145).

One useful way to resolve this problem has been made by linking a
system dynamics model of, say, urban growth with a simple multi-attribute
rating technique to allow value conflicts to be expressed explicitly and
numerically Gardiner and Ford, 1980). | n instances where apparently
genuine conflicts exist about which policy is best', the technique offers a set
oéJDrocedur05 to promote an orderly andrational debate which may in itself
reduce policy disagreements. But, if is noted that 'if after all is said and done,
decision makers still disagree, we have no suggestion to offer beyond the
familiar political processes which allow society to function in spite of
conflicting interests (Gardiner and Ford, 1980, 255).

(i) The use of statistical methods

) One of the major criticisms aimed at system dynamics model builders
isthe failure to use appropriate, formal statistical inference techniques

(Z€ellner, 1980). There are several reasons for system dynamicists to show a
reluctance to use statistical methodsin eval uatmg; their models. First, two
studies have shown that when 10% noise and 10% measurement error are
added to the data used in an econometric model, the estimated coefficients

deviate from their true values by factors averaging up to approximately 10.0.

Many of these coefficients are Statistically significant at the 90% level but ‘a
modél builder unaware of the true values of the data would probably accept,

on the basis of the standard tests of significance, equations whose coefficients
are far from the true coefficients' (Johnson, 1980, 155; Senge, 1977). These
two studies cast doubts on the use of statistical techniques in system
dynamics modelling. Next, many of the variables incorporated into a System
dynamics model are 'soft' and rely on non-quantitative information. The
inclusion of 'soft’ variables makes it possible to simulate the structure of the
real system of interest but does so at the expense of statistical estimates of
these'data’ (Forrester, 1961). Thirdly, as the behaviour of many system
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dynamics models is dominated by afew feedback loops, rather than
parameters elsewhere in the model; it is essential that the values of these
parameters contained in the dominant loops be estimated carefully.

~ Despite these three reasons for playing down the importance of
statistical techniques in system dynamic mootelling it is clear that such
technigues provide a necessary condition for establishing confidence in the
model. In basic science, for éxample, the process of calibrating a model
involves the use of statistical techniquesto find parameter values which
optimize to the real world situation (Batty, 1976). Smllarelé/, the ﬂollcy
orientated research ex post and ex ante forecasts are compared with the past
data or with the actual reali7ation when the previously unknown future data
becomes available. _iBennett, 1980). In either basic science or policy
orientated research it is essential that some statistical techniques are used to
test the simulation model. Several techniques are available such as goodness
of fit statistics (Fotheringham and K nudsen, 198_2_. or the use of Thiel's
coefficient of inequalit ?Thlel, 1966). This statistic provides a useful
measure to highlight the sources of error in the simulation such as bias,
unequal variance and unequal co-variance of the models prediction and the
actual observed data. The ways in which system dynamics models can be
evaluated are discussed below.

(iii) Eutrophication: an example of basic scientific research

In advanced industrial countries many natural and artificial wate_rwa¥s
have suffered from the processes of eutrophication. The processes leading to
eutrophication are quite well known. One of the key processesisthat the
waterways have been enriched inadvertently with nutrients due to agricultural

and industrial productive practices. Thishutrient enrichment results in the
Prowth of various forms of algae. In conditions where light energy is too

ittle for green algae to grow then blue-green algae grow. This growth, if
unchecked' deprives other aguatic life of oxiqgen m the aquatic system and
can eventually result in the eutrophication of the aquatic ecosystem.

In 1979 an algal %ro_wth model was developed for one species
Oscillatoria agardhi) with nitrogen as the limiting nutrient (Loogman et a
979). Asin anﬁ/ %stem dynamic model the verbal descnption or word

model (Jeffers, 1978) was tranglated into a digraph, shown in figures 15a and

15b. The digraph shows three feedback loops, two negative and one positive.

The first negative loop indicates that the growth of thewec_les isdue, in part,

to the availability of 'dissolved nitrogen available (D W) in the rest of the

ecosystem as well asinfluenced by a short-term store of intra-cellular
nitrogen in the algae. The second negative loop indicates that as the
conceéntration of particulate nitrogen increases then there is a change of
dissolved nltr0ﬂ1en concentration which also affects the change of agal
concentration. The positive loop. simply illustrates that the growth of algal

concentration is due to a change in algal concentration. This positive 100

behaviour is dampened by the two negative Ioogs. The digraph'is then easily

trandated into a DY NAMO flow chart (figure 15b) and program (Table 4).
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Figure 15a A digraph for simulating algal growth
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NOTE ON ALGAL GROWTH MODEL
NOTE AFTER LOOGMAN ET.AL . 1979
NOTE

NOTE

NOTE ALGAL POPULATION SECTOR
ACK=ACJHDT)(CACIK)

ACI=13

CAC.KL=AC.K*SGR.K

SGR.K=MSGR*NSGR.K

MSGR=0.036

NSGR.K=TABHL(TNSGRA ,ANC.K, 3.25, 4.025, 0.155)+
TABHL(TNSGRB,ANC.K. 4.025, 11, 0.775
TNSGRA=0/0.1065/0.1685/0.2063/0.2343/0.287
TNSGRB=0/0.1204/0.2139/0.2944/0.3631/0.4306/0.4898/
0.5556/0.6259/0.7136

CTOR

DNC.K=DNC.JF(DT)(CDNC.JXK)

DNC=DNCI
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(MANC -ANC.K+MANC* SGR K¥DT)/(100*DT))
HSCNU.K=TABHL(THSCNU,ANC.K ,3.25, 11, 1.55)
THSCNU=0/0,504/0.714/0.861/0.889
ANC.K=(PNC.K*100)/AC.K

NC.K=TNC -DNC.

TNC=DNCI+(ACI*IANC)/100

CIANC=4

NOTE CONTROL CARDS

SPEC DT=1/L ENGTH=120/PRTPER=30/PL TPER=30
PRINT AC.DNC

PLOT AC=1(0, 60)/DNC=2(0, 2)

RUN STD
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Table4 A DYNAMO program for Nitrogen Algal Model (See text)

The results of this simple simulation model (Table 5) can then be
compared with the relevant data for the growth of algal concentrations taken
from laboratory experiments. As can be observed the prediction of the model
for algal concentration are in reasonable agreement with the observed data,
although the predicted algal concentration iS an underestimate after 60 hours,
so the agreement with the observed data deteriorates. The data on nitrogen
concentration would need to be collected at afiner temporal scale beforethe
predicted result could be verified. Asin any model of areal world system
several factors have been ignored such as the influence of temperature
variations on the aquatic ecosystem. Obviously, these other factors would
need to be incorporated in afurther cycle of model development so that a
more realistic model for the system would be produced (Jorgensen, 1979).
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Once a more realistic model is produced the next phasein s%stem dynamics
modelling would be carefully to test the model and then, perb.aps, useit asa
tool for managing this real world environmental prob|em. Thisleadsinto
policy orientated research.

Algal concentration (Mg/L) Nitrogen concentration (Mg/L)

Timein hours Actual Predicted Actual  Predicted
0 13 13 05 0.5
30 15 17 0.0 0.3
60 30 25 0.0 0.0
0 35 28 0.0 0.0
120 37 28 0.0 0.0

Table 5 Results of the Nitrogen Algal M odel

(iv) World dynamics. an example of policy orientated research

i Since the time of Malthus demographers, economists and others have
discussed whether or not unchecked 80 ulation growth can be sustained on
this planet (Malthus, 1976; Harvey, 197 % During the period 1970-1974 this

roblem was again addressed in the well known Limits to growth™ models
E)Forrester_, 1971; Meadows et. al. 1972, 1974). The question that these
model builders addressed was defmed as: "Will human material activity
adjust smoothly to the global carryi nfgc%oacn or go through a period of
overshoot and collapseT" (Randers, 1980, p125). Unlike basic science
research which uses an empirically determined reference mode, gollcy
orientated model s often use a hypothesised reference mode (Figures 16a and
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and carrying and
CArFYing pej— ___-f.‘?_f"amty
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Figure 16 Hypothesised reference modes of the
"limitsto growth" global models
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The argument underlying Figure 16a is that increases in material,
human activity eventually erode the carrying capacity of the globe. As
human institutions and hasic scientific research will be too slow to respond to
these changes then an involuntary downward pressure on human activity
through, say, starvation occurs so that the much reduced world population
can survive within a greatly reduced global carrying capacity. -Since this
pattern of overshoot and collapse is judged undeSirable, the model builders
attempted to investigate possible causes of that behaviour and tried to
determine how a change in growth policies might achieve a more gradual
adjustment so that human societies can live in harmony with the ecosphere as
depicted in Figure 16b.

) The basic mechanism of this growth in afinite world can beillustrated
in the causal model e(§F|gure 17) which represents the smallest set of feedback
Procem_ considered necessary to dqenerate the reference mode in Figure 16b.
t will be observed that the model consists of three feedback 160ps one
positive and two negative loops. As described earlier it isrelatively to
move from adigraph into a DY NAMO model of the causal structure of the
system. Nevertheless in building dynamic models several hours of effort are
required to build an operational version of even arelatively simple model.

= i)

mumEn T iAavaluntary sAviranmental zarrying
zetivity T~ rzsgonsa :""Fl aresiure capacity
~ A i \\\\\meh___,.ﬂ’//////i -
\ |
1 i
\\ ..Jr'.
\ - J

~ valuntary )(
respansa 4

Figure 17 The basic mechanismsthat underlie the r eference mode of
Figure 16b

__ After twenty-person years of involvement the simple model of the
‘Limitsto growth’' was extended and elaborated to become the World 3 model
(Meadows et al, 1974). This simulation model, of the dynamics of growth in
afinite world has twenty-one levels, thirty-ei giht constant parameters and
thirty-seven non-linear table functions. Figure 18 shows two "World 3' runs
which indicate that the reference modes are till intact even though the model
is more detailed than the three sector world model portrayed in Figure 17.

By running the complex World 3 model at least three modes of
collapse are possible. First, the limits of natural resources are reached which
leads to a resource based collapse (Figure 18a). If, however, resources are
substituted and a greater stock of resources become available, then this mode
of collapse may be delayed long enough for a second mode of collapse to
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occur. This second mode is known as pollution collapse whereby human and
animate life are extinguished by increases in various forms of pollution. If,
however, this pollution collapse is averted by introducing and implementin
antipollution legidlation then population collapse occurs. Tn this third form o
collapse the human population has exceeded the limits of agricultural
production. The spectre of Malthus haunts the world model (Coleet al, 1973;
Clark et a, 1975).

) In order to prevent such ecocatastrophes from occurring Meadows et a

introduced severa policies into the simulation model which are designed to

prevent the erosion of resources, overcome the pollution problem and bringa
deliberate end to material and demographic growth so that a sustainable
equilibrium of humankind and the ecosphere can be achieved. This state of

dynamic equilibrium can be achieved in the model (Figure 18b). Their
prescription for solving the world predicament is clear, implement these
policies now or else! AsMeadows et. al. put it "The limits to growth on this
PI anet will be reached somewhere within the next one hundred- years ... even
he most optimistic estimation of the benefits of technol 0% in'the model ...
did not in any case postpone the collapse beyond the year 2100" (Meadows et

al, 1971 pp.23,145).

KR
x

1
1000, IF
14 8 POR{10Y)
3z
1
[

.. NOMAENEWABLE RESOURCE
\ FRAGTION REMAINING

. . (NR)
Ve

- \

-

B .

PEO.
L

A

u':‘jﬂ .t
N2 PCPULATION P N S
; INDUSTRIAL \.\
e ODUTFUT P5A % It —-
CAPITA
- s NN

- (I3,

- o PERSISTENT =~  “~
= - —
sdoa WS K POLLUTION <Ix) e
19440 1950 20090 2050 21490
Time =

(atter Meadows, 1874}

o Figure 18a World3 referencerun ) )
(ThisisWorld 3 reference run. Both population POP and industrial output
per capita | OPC grow beyond sustainable levels and subsequently decline)

41



Given the structure of the World 3 model as well as the large number
of parameters contained within it we must ask how confident can one be that
the results shown in Figure 18b, and the policy recommendations emanating
from the model, are correct? There are, at least, two approaches to this
problem. The first concerns model structure and the second is concerned
with sensitivity analysis.

With regard to model structure several researchers have sufqg&sted that
humankind will adapt its institutions and the global environment m order to
prevent ecocatastrophes occurring as outlined in the model or in the real
world. In 1972 Oerlemans et a suggested that the world model output could
be s?nlflcantly altered by adding a feedback loop in which socio-economic
structures respond to perceived and actual changesin the environment and
hence the pattern of overshoot and collapse can be avoided (Oerlemans et a
1972). This fundamental change to the model structure assumes, of course,
that human institutions and basic scientific work will respond fast enough to
avert any ecocatstrophe. This assumption is diametrically opposed to that of
the 'Limits to Growth' model builders.
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IS(%(I:-‘I' 8]) policies that stabilize population POP and industrial output per capita
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In 1977, a comprehensive sensitivity analysis of World 3 was
undertaken in order- to evaluate those parameters'which have the most
influence on the tragjectory of the system. In order to avoid the population
collapse of the standard reference run, four changes were made by decreasing
every output value of the table function Capital Utilization Fraction (CUF) by
10% of its 1980 value; by decreasing the Average Lifetime of Industrial
Cacpltal ALIC) by 10%,; by. increasing the Indusirial _Ca%ltal Output Rate
g OR) by 10%; and increasing the Fraction of Industrial Output Altered to
onsumption (FIOAC) by 10% (Vermeulen and De Jongh, 1977).

The results of these small ﬁarameter changes prevented population
collapse but, in order to achieve this, world industrial output per capitawas
held back dramatically. The benefits of such areduction in world industrial
output per capitawasto keep persistent pollution at a manageable level and
tHe %rfnount of non-renewabre resources remained more than double that of
the reference run.

Three major conclusions emerge from this critical, methodol ogical
study of the 'Limits to Growth' type of models. First, by making a simple
change to the original structure -athe World Dynamics model (Forrester,
1973-) it is possible to prevent population colldpse. This single changeis,
however, diametrically opposed to one of the key assumptions made by the
‘Limits to Growth' model "builders. Next, even 1f the model structure was
accepted as a reasonabl e representation of the world system, then small
changes to the s_enstlvgsP_arameters could change the trajectory of the system
without involvi n%dr ic changesin this class of world models. As one
%/Toup of researchers notes the same mathematical model upon which

A eadows based his conclusions can be made to yield qualitetively very
different resultsif the values of only some parameters and table functions arfe
changed by aslittle as 2% each’ {Vermeulen and de Jongh, 1977, p.82).
Finally, thisis not to deny that there are indeed severe environmental
problems confronting humankind. There are ecological problems such as
desertification and starvation in Africa; these are major economic problems
such as enormous international debts confronting many developing nations;
there are major political problems associated with the resolution of these
problems (Brundtland, 1987). These problems can be tackled in an integrated
way by careful basic scientific research coupled with critical and caring
managerial practices. It would, however, be unwise to base far reaching
policy recommendations on a global scale on such flexible foundations as
presented in this class of world models.

(V) CONCLUSION: THELIMITSTO
SYSTEM DYNAMICS

System dynamics represents one useful approach to causal and
computér simulation modelling of the dynamics of environmental systems.
The use of system dynamics allows an’investigator to explore some d
intellectually challengi n(t; problems in basic science such as the transitions of
stable modéls into chaotic regimes. At a qualitative level, for example, the
ways in which dynamic systems can move from an equilibrium position
through critical thresholdsto chaos or to one of several new multiple steady
states'is afascinating and little understood problem. These deep problems
can tackle issues such as the origin of life on earth and its subsequent
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evolution in systems moved far from equilibrium by the continuous flow of
energy and matter (Prigogine et al, 1972; Feigenbaum, 1980). Similarly, in
urban geography the ongin and development of cities can be tackled. In this
sense system dynamics does provide another route to aid our understanding
of the fundamental theory of dynamic systems. (Wilson, 19814).

With regard to quantitative research in basic science it is clear that
system dynamicsin general and DY NAMO in particular represent one coarse
approach to match the predictions of a dynamic model with detailed
empirical work. This coarseness of quantitatively orientated research is
partly due to the errors inherent in Eulers method of “integration which can be
overcome by using Runge-Kutta or other mtegratl on technigques. More
|mRo_rtant, However is the disagreement over the relevance of statistical
technigues when modelling complex, non-linear, multi-feedback models of
dynamic systems. This disagreement between users of conventional linear

atistical techniques and system dynamicists residesin the quality of the data
used as well as in the sensitivity of system models to minor parameter
changes in some of the non-linear Teedback loops.

) Assuming that the structure of a system dynamic mode! isvalid then it
is clear that consistent data over several time péeriodsis required for careful

quantitative testing of the models predictions. As many system dynamic
models are sensitive to small errorsin the initialization of state variables and
contain sensitive parametersit is important that high qual |_'H(]_data, with less
than say, ten per cent error in data measurement, be used. This would allow
relevant statistical tests to be employed in parameter sensitivity analyses as
well asin the careful calibration of a dynamic model. It does, however,

impose a very high standard of accuracy in data collection and measurements
especialy in time series data where the data itself is often woefully
inadeguaté. Clearly, at a quantitative |level many basic problems remain to be
clarified but, as Langton (1972) points out, these ?roblems ‘are no more
severe than those which accompany rigorous attempts to understand change
through any other dynamic methodology'.

In the domain of policy orientated research such as environmental
management and planning the use of system dynamics is intuitively
appealing. This appeal is partly due to the ways in which policy options can
be embedded in an operational simulation model. These palicies, taken
singly or in combination, can then be examined and evaluated during
succéssive simulation runs to determine the 'best’ policy. Again, at a
qualitative level it isrelatively easy to make forecasts using system dynamics
comPuter simulation models” TheSe forecasts are worth making because they
point towards possible futures. It is, however, very important that the models
are robust and, where possible, carefully tested before the policies are
actually put into practice. As Hare (1983, p.137) remarks, 'it is the publics
privilege to choose politically among these options. But the scientist has to
specr@&the range of possibilities, and the means whereby the goals may be
reached'.

It is, of course, vitally important that modellers do not confuse their
models of areal world syStem with reality (Kennedy, 1979). Thisis
extremely important in both basic science and policy orientated research.
Kennedy (1979) notes the major theme of some environmental scientists and
geographers is to achieve world domination in the most complete and
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efficient fashion using system models. Clearly, if thisis the goal which many
system dynamics model builders are working towards then, as Gregory
(1980) paints out such system models, if put into practice, areideological as
they secure the reproduiction of specific structures of domination of people
and the rest of the natural world.

It could, of course, be argued that the goals which several system
dynamics model builders cherish are not inhumane or unjust even if they are
somewhat utopian. Meadows (1974), for example, suggests that changesin
economic, political and social structures may be required in order to create a
decent and sustainable standard of living for all. Unfortunately, the ways to
achieve this aim are not mentioned, although in the World 3 models several
draconian policies are implemented in order to achieve a state of dynamic
equilibrium. It has, however, been clearly demonstrated that by making
combinations of smalalstparameter changes of b,y adding another feedback [odp
these changes can drastically alter the frgjectory of the mode| of the biosphere
g\t/ermeulen and de Jongh, 1977; Oerlémans et. al., 1972). As Postan and

ewart note, 'any social model, verbal or mathematical, thusinvolves an
implicit_ideolo?y. Presentations of mathematical modellmg7of most
ersuasions attémpt to mask this fact' (Postan and Stewart, 1978, 410).
Clearly, any attempt to control and plan environmental systems raises dee
ideological ‘and ethical f_pro_blems_ which if they are to be put into practice will
require a substantial effort in addition to forma mathematical modelling.

What then, are the epistemol ogii cal implications for dynamic system
modelsin environmental management and planning? First, it'is obvious that
the values embedded implicitly in most dynamic models of environmental
systems should be stated clearly (Chen, 1972). These ethical values must
include awhole host of views across the political spectrum aswell as
embodying deep ecological tenents such as those proposed by Naess (1977)
who argues that an ecophilosophical position would. contain 'both norms,
rules, postulates, value priority announcements and hypotheses conceming
the state of affairsin our universe'. Next, from the two examples discussed
aboveit isclear that the dynamics of environmental systems offer society two
kinds of knowledge. Thé first provides a scientific framework in order to
contribute to our understanding of environmental problems and to have
humility about our place and limited power within them. The second type of
knowledge has the potential to provide a scientific framework in which we
can contribute to the protection and management of environmental problems
within these systems (Sagoff, 1985). Clearly, by developing both of these
approaches using system dynamicsit is possible to understand and manage
the causal processes leading to some of the changes in environmental
systems. Hopefully, dynamic causal simulation models are contributing to
both scientific basic résearch and immediate policy orientated studies of
environmental systems. In many cases this dynamic modelling is orientated
towards attaininga just, sustainable and partici patln%form of development as
Sl%) eﬁltgg 5|)n the World Conservation Strategy (IUCN et. al., 1980; Moffatt,

_ At aquantitative level it is obvioud ver%dlfflcult to make forecasts
which, when the data are available, will be shown to be accurate. This
difficulty residesin the fact that complex, non-linear multi-feedback,
dynamic models can often cross critical thresholds which would drive a
model into a chaotic regime and hence produce simulated data which are very
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different from the real world observations. Another difficulty with making
forecasts of the behaviour of environmental systemsis that societ ma%/
respond to prevent such forecasts from being empirically ascertainable. |
for example, the ecocatastrophes presented m the ‘Limits to Growth' t%pe
models, or in the more recent Nuclear Wi ntererglgoth&ees, are correct then
hopefufly these forecasts would never be tested because social feedbacks
could prévent such occurrences (Oerlemans, et al, 1972; Ehrlich et al, 1984).

) Clearly, system dynamics can be used with various degrees of success
in qualitative and quantitative research into basic science and policy
orientated problems." Whether these investigations are to further our
understanding of, or manage these, environmental systemsit is obvious that
ethical and ideological considerations must be examined. If, for example,
environmental sCientists and geographers wished to promote a Just,
sustainable and partici |patory society for al people on the earth then this
ethical choice would influence our research_prionties and hellvﬁ) to advance the
aims of the World Conservation Strategy (RIJCN, 1980; Myers, 1985) At
present, however, many of the system dynamic models are ideological 1n a
narrow sense as they attempt to reproduce specific socio-economic forms of
domination for wealthy mmorities rather than for the good of all sentient
beings on this planet.

_In conclusion, then, ?/stem dynamics offers a useful approach for
tackling environmental praoblems which can be conceptuali7ed as complex,
non-linear multi-feedback dynamic ?/stems. These problems are being
tackled by various other approaches and are proving difficult to resolve. The
fact that system dynamics offers no easier solutions to these problems of
basic sciénce or policy orientated research is not due to the unusual
methodol o?y emP oyed in this approach to dynamic modelling but rather
reflects the Timits to simulation.
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