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Abstract: In the past ten years, sysiem dynamics has become more accessibie 10 policymakers and to the
academic community. The paper reviews four major developments in the subject that have brought about
this change. There have been uprovements in the symbols and software used to map and model system
ctructure. New ideas have been adopted from behavioural decision theory which help to transfer
policymakers’ knowledge into computer models. There have been improvements in methods of simulation
analysis that enable modelers and model users 1o gain better insight into dynamic behaviour. Greater
emphasis has been placed on small (ransparens models, on games and on dialogue between ‘menial
models’ and computer simulations. Together these developments allow modelers o create computer-based
learning environments (or microworlds) for policymakers to ‘play-with’ their knowledge of business and
social svstems and to debate policy and strategy change. The paper concludes with some thoughts on
future research.
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introduction ! s
School of Management and reurned o the UK in mid 1986

16 join the lLondon Business School. My knowledge of sys-
in the past ien years there have been several tem dynamics for policy-making is therelore heavily in-
important developments in system dynamics which flucnced by what 1 have seen at close hand in Nerth America
and most particularly at MIT. 1 am aware of several develop-
ments in system dynamics for policymaking in the UK and
same in the rest of Eurape, but | apalogise for omissions that
Huropean readers may detect. They are nat intentional.
Important developments in mathematical methods of moedel

' The paper explores recent developments in system dynamics
for palicymaking. 1 have tried o provide a broad survey of
hese developments. However. one’s knowledge of even spe-
clalised topics s always incomplete, and is conditianed by
his/her mstitutional and geographical setting. J have spenl anidvsis and estimation are excluded from the paper hy
more than 10 vears in the United States a1 MIT's Sloan desipn, since they are contributions basic technrical meth-

- odolopy and not o e practice of policymaking. The con-

The author is gratelul 1o Tony Cornford, Kees van der ceptual developments in sysiem dynamics inspired by work
Feijden., Donald Kalll, Linda Marecrolt and Jane Varley for on scll-organising sysiems (from the so-called Brussels
comments and editarial suggessions received on an earhier draft sehoal) are alse excluded beeause the theoretical tes be-
af the paper. The author is aiso grateful Lo Arie de Geus for ns tween the Brussels schoob and (raditional sysiem dynamics
suppart and for hus commitment Lo the concept of microworlds have only recently heen examined closely. As 2 resull, the
{or paheyvmikers. : contribution of self-organising system concepls 10 the pric-

tice of waditional poaiicy maodeling, though potentialty signifi-

Recerved September 1987 cant, is not yet clear.



190 Modelling for Management I

3 LW, Morecroft / Svsiem dyramics and microwortds for policvmakers

make the subject more accessible to policymakers,
more communicable (o the academic community
and more challenging for research. * There have
been improvements in the symbols and software
used 1o map and model system structure. New
ideas have been adopted from behavioural deci-
sion theory which help to capture policymakers’
knowledge in computer models. There have been
improvements in methods of simulation analysis
that enable modelers and model users to gain
better insight into dynamic behaviour. Greater
emphasts has been placed on small, transparent
models and dialogue between ‘mental models’ and
computer simulation models.

As a result of these developments, system dy-
namics can now be used, with a management
team, to structure informed debate about strategic
change. in a process where models and computer
simulations are an integral part of management
dialogue. The paper explores each of the major
developments in more depth in order to show
readers the range of ideas and concepts that sys-
temn dynamics now encompasses. The paper con-
cludes with some thoughts on future research 1o
improve model supported policy dialogue and the
mapping of policymakers” knowledge.

System dynamics— A microworld for policy debate

What is a ‘microworld’ * for policy debate?
Figure 1 shows the eiements in the microwarld

* In addition there is now an international System Dynamics
Socielv. The Society runs an annual international conference
and publishes a bi-annual journal. the Sysrem Dynamics
Review . containing articles on the theory and applications of
svstem dynamics, research problems, reports of meelings and
book reviews. The Society also distributes a newsietter listing
the universities and colleges around the world that offer
courses in system dynamics, Readers should contact the
Svstem Dynamics Socicty. Principal Office MIT E40-294,
Cambndge, MA 02139, USA.

The term ‘microworld’ comes from Seymour Papert in a
fascinaung book calied Mindsiorms [45) Papert is 4 mathe-
matician and computer scientist at MIT who has devoted his
energy o explosing how computers can help people to learn,
A fundamental premise of his work is thal people learn
effectively when they have transitional objects to 'play with’
m order to develop their understanding of a particular
subgect or sssue, The writer has pen, paper and word processor
with which 10 hone his skill of composition. The very young
child has building blocks 1o learn about sizes, sorting and
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Figure 1. The microwarld for poticy debate provided by gvsiem
dynamies

provided by systemn dynamics. At the 1op left is a
probiem or issue facing policymakers which ini-
tiates debate and dialogue. The debate leads to
clarification of the probiem or issue and eventu-
ally to recommendations for action, The micro-
world contains all the factors that impinge on the
debate. A most important factor is the policy-
makers’ own knov{{iedgc (or menial model) of the
business or social system they manage. This
knowledge provides the raw maltenial for debate
and discussion. In conventional policymaking (by
argument) il is the interplay between the knowl-
edge base and the debate that produces a con-
sensus for action.

simple construction. The combination of transitional objects.
learner and leamning process is whal Papert calls a micro-
world or ‘incubalor for knowledge’. But what transitional
objects can one provide for learning about 'intangible’ topics
like motion, geometry, mathematics and {for our pumose)
policymaking? Papert suggests the computer and simulation:
“The computer is the Proteus of machines. 1ts essence 15 its
universality, its power Lo simulate. Because i can take on a
thousand forms and can serve a thousand funclions. it can
appeal o 2 thousand tastes.”

The combination of computer, simuliation language. learner
and learning process is a computer-hased microworld.
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When modeling and simulation enter the de-
hate (or Tor that matter any other framework for
policymaking) the picture becomes MoTe complex
as the interplay of knowledge, information and
debate becomes richer, Policymakers’ knowledge,
and other information about the business or social
system, (stafl reports, financial documents ete.)
are converted into text, diagrams, algebra and
simulations. The process of mapping knowledge
and information is guided by theory and concepts
of system dynamics. The figure shows two main
inputs from theory. The first input, from informa-
tion feedback theory, provides symbols for di-
agramming 2 business or social system and rules
for mapping. As expiained in more detail later,
these symbols include levels, action flows, flow
regulators, converters and information flows w0
represent physical, financial and decisionmaking
processes. The rules for mapping include rules for
connecting the symibols, guidelines for equation
formulation and guidelines for simulation tesling
and behaviour analysis. * The second input, from
behavioura! decision theory, improves the ‘fidel-
ity’ of models. Behavioural decision theory pro-
vides the modeler with guidelines for specifying a
model’s information flows. 1t heips modelers 1o
ask the ‘right’ guestions of policymakers and it
helps modelers to represent an organisation’s deci-
sion processes accuralely.

The microworld includes knowledge (K), infor-
mation (}). theory (T). maps (M), debate (D) and
the interplay of these factors as summarised in the
inset of Figure 1. The scope of policy debate 1s
jarger (in principle) than can be achieved with
conventional argument. The maps (text, diagrams,
algebra. and simulations) provide policymakers
with 2 variety of perspectives on their pooled
knowledge. The maps also draw information from
reports and staff specialists. So the interplay of
debate and knowledge is enhanced through in-
creased variety of representation, more informa-
tion, and additional paths of interaction. More-
over. the maps themselves are created with the
specialist knowledge supphied by theory.

Now let us turn te the developments in system

® 1 am using the werm Tmapping here 1o mean all glages in the
conversion of mental medels into compules sisnulation mod-
els, including diagrams. text. algebra, programmed algebra,
and even simulations.

dynamics which have made possible this micro-
world for policy debate.

Improvements in mapping methods and software

The onigin of system dynamics can be traced 10
engineering control systems and the theory of
information {eedback systems. Indeed courses with
the title system dynamics are offered in many
engineering schools. But, in the setung of en-
gineering, the subject has a rather mathematical
ftavour. One of the major contributions to model-
ing made by Forrester was i0 reshape sophisti-
cated modeling and analysis methods from control
engineering into a flexible form suited to modeling
and debate in the business /social arena. One can
think of this reshaping as a change in the *tech-
nology' for mapping knowledge of systems inlo
algebra and differential equations, In Indusirial
Dynamics Forresler {11} offered symbols for di-
agramming feedback systems and rules for con-
necling the symbols. Together these symbols and
yules produce a diagram that shows the inter-
connectedness of a business or social system. that
highlights feedback paths and that guides equa-
tion formulation. In addition Forresier devised a
special purpose simulation language for coding
symbols from diagrams into algebraic equations.
Forrester's reshaping ol methods from control en-
gineering led to a visual representation of feed-

“back systems, and through simulations, to a visual:

representation  of feedback dynamics, These
graphics provide a conduit for policymaker's
knowledge and a basis for policy debate.

In the past ten years there has been renewed
interest in the symbols used In system dynamics
(Morecroft [38], Richardson [51], Richmond [52).
They have been simplified visually and can now
be manipulated on graphical computers.

Lel us review the symbols and rules of connec-
tion, and then talk about software. Figure 2 shows
tiie main symbols. At the 1op of the figure, shown
as a circle, is a decision function or converter, The
function receives information, shown as dotled
lines, processes il and peneraies an oulput in the
form of a¢iion or more information (such as a
command transmitted elsewhere in the system).
For exampie, one might think of 2 hiring function
in a sales organisalion, receiving information on
both the current size of the salesforce and the
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(/’*\\ dcqun making ‘players’ whose decisions and
© Decson actions are coupled (Forrester {11, Chapter 10)).
Teeellll - F et e e ~ . \ N : -
( ar " Each *player’, or centre of responsibility, is repre-
Canventer / Ouiput  Action or .. . . N .
; Informatson sented by a decision function with information
‘ T inputs and an output which is either information
: or action. For example, players in a sales organisa-
input  Infarmation tion might be business planners (setting sales ob-
ortatiuence jeclives), compensation planners (adjusting the
commission paid on different product lines),
salespeople (deciding how to allocate their selling
time 1o product lines), force planners (adjusting
the size of the salesforce) and cusiomers (being
Flow Regulasor . . . .
R T— :nﬂp:;nced by §a]espeopic 10. buy). But how are lh'L
({ 1 —————— achon dectsion functions and actions coupled? Here is
1 o .
/ S where the remaining symbols and rules of connec-
Soulce Actian Flow

Figure 2. Symbols far mapping

force size authorised by the budget. Force planners
(or a hiring commitiee/ manager) process this in-
formation periodically in order 1o adjust the size
of the salesforce (an action). The circular function
symbol is usually identified with a specific deci-
sion making process or centre of responsibility in
an organisation. ° Within each symbo! there can
be quite complex information processing  and
therefore quite complex algebra.

The decision function or converter is a general
function of its inputs. The detail of the function is
not specified by the symbol. and this is deliberate,
because a diagram made of such symbols retains a
lot of flexibility in discussion—it is not overly
delined and it is not too ‘close’ to the final alge-
bra. The decision function or converter may con-
tain within it ‘subsymbols’ such as constants, aux-
iliaries and information levels. The function sym-
bol is therefore & quite-compact visual representa-
tion of the decisionmaking process under study.

A business or social system is viewed as a set of

* Sornetimes a function may represeal a physical process or
behavioural process such as motivation, In the case of pro-
duction. the function combines inputs of material. labour
and capital and converts them into (say) finished poods.
There is no conscious decisionmaking or information
processing involved. Stmilarly. in the case of motivation, the
funclion combines inputs of say stress, workload, and goal
achievement and converts them int an index of individual
or group motivation. In such physical or behavioural
processes. the inputs 10 the function are best thought of as
influences rather than information Rows,

tion are useful.

In the lower hall of Figure 2 there are three
symbols. The box on the right is a tevel that
accumulates action. In the centre is a composite
symbol that represents an action flow (shown as
ar arrow) and a flow regulator (shown as a ™
which controls the size or volume of the flow,
Finally, on the left is a source (shown as an
irregular *blob’) which supplies the action flow. (If
the action flow is reversed, then the source be-
comes a sink and the flow drains the level). In
order to undersiand the symbols, again imagine
the process of hiring in a sales organisation. The
level 1s the number of salespeople currently em-
ployed, which accumulates the flow of people
being hired. The hiring flow is controlled by the
flow regulator. (which as we shall see later. is
connected 1o the hiring function), Salespeople are
hired from the labour market which is therefore
the source of the flow.

System dynamics provides rules for connecting
the symbols so that one can construct 2 network

-of decision functions of arbitrary compiexity and

thereby map and mimic an organisation. Figure 3
shows many symbols connected. The sequence of
connection is; level-information (or influence)-
decision function (or converter)-action-level, This
is a feedback representation. A decision Tunction
{say hiring) leads to action (the arrival of salespeo-
ple). New recruits accumulate in the leve! of
salespeople. Information from the level (the size of
the salesforce) is an input to the hiring function.
The arrival of graphic computers has now made
it possible to map symbols directly onto a com-
puter screen and to benefit from interactive map-
ping and high quality graphics. The new maodelling



7192 Modelling for Management 1

o4 1D MW, Morecroft / Svstem dynamics and microworlds for policymakers

o Detwion \
S, - Funquoen . _—
of

Convener i Cuipul  Actan or

.T_f inlormayan
‘ ’//

4

Input  Infarmation
i Intluence

flow Reguiator
o~

Level or
(' acuon
j accumulator

Acupn Figw

Source

Figure 2, Symbols for mapping

{orce size authorised by the budget. Force planners
{or a hirng commitiee /manager) process this in-
formation periodically in order to adjust the size
of the salesforce {an actton). The circular function
symbol s usually identified with a speciflic deci-
sion making process or centre of responsibility in
an organisation. * Within each symbol there can
be quite complex information processing and
therefore quite compiex algebra.

The decision function or converter is a general
function of its inputs. The detai) of the function is
not specified by the symbol. and this is deliberate,
because a diagram made of such symbols retains a
ot of flexibility in discussion—it is net overly
defined and it is not too ‘close’ to the final alge-
bra. The decision function or converter may con-
tain within it ‘subsymbols' such as constants, aux-
tliaries and information ievels. The function sym-
bol is therefore a quite-compact visual representa-
tion of the decisionmaking process under study.

A business or social system is viewed as a set of

* Sometimes a function may represent a physical process or
behavioural process such as motivation. In the case of pro-
duction. the function combines inpuis of matenal. labour
and capilal and converts them into {say) hnished poods.
There 15 no conscious decisionmaking or information
processing involved. Similarly. in the case of metivation, the
function combines inputs of sav siress, workioad, and pgoal
achievernent and converts them into an index of individual
or group motivation. In such physical or behavioural
processes. the inputs 1o the funcuon are best thought of as
influences rather than information flows.

decision making ‘players’ whose decisions and
actions are coupled (Forrester |11, Chapter 10]).
Each *player’. or centre of responsibility, is repre-
sented by a decision function with information
inputs and an output which is either mformation
or action. For example, players in a sales organisa-
tion might be business planners (setling sales ob-

jectives), compensation planners {adjusting  the

commission paid on different product lines),
salespeople (deciding how to aliocate their sefling
time to product lines), force planners (adjusting
the size of the salesforce} and customers (being
influenced by salespeople to buy). Bul how are the
decision functions and actions coupled? Here is
where the remaining symbaols and riles ol connec-
tion are useful

In the lower half of Figure 2 there are three
symbols. The box on the right is a jevel that
accumulates action. In the centre is a composite
symbol that represents an action flow (shown as
an arrow) and a flow regulator (shown as a *7T7)
which controls the size or volume of the {low,
Finally., on the left 15 a source {shown as an
irregular *bleb’) which supplies the action flow. (If
the action flow is reversed. then the source be-
comes a sink and the flow drains the level), In
order to understand the symbols, again imagine
the process of hiring in a sales organisation. The
level is the number of salespeople currently em-
ployed, which accunmlates the flow of people
being hired. The hiring flow is controlled by the
flow regulator. (which as we shall see later, is
connected 1o the hiring function). Salespeople are
hired from the labour market which is therefore
the sousce of the flow.

Sysiem dynamics provides rules for connecting
the symbols so thal one can construct a network
of decision functions of arbitrary complexity and
thereby map and mimic an orgamsation. Figure 3
shows many symbols connected. The sequence of
connection is: level-information (o7 mfluence)-
decision function {or converter)—action—jevel. This
is a feedback representation. A decision function
(say hiring} leads to action (the arrival of salespeo-
ple). New recruits accumulate in the Jevel of
salespeople. information from the level (the size of
the salesforce) is an input to the hiring funclion.

The arrival of graphic computers has now made
it possible o map symbols directly onto a com-
puler sereen and Lo benelit from interactive map-
ping and high guality graphics. The new modetling,
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Figure 3. Rules for symbol connection

and simulation package STELLa (Richmond [53]
and Richmond et al. {54]) includes very effective
mapping software. STELLA provides the modeler
with a menu of symbols for creating a diagram on
an ‘electronic’ worksheet. The symbols include
those shown in Figure 2 and several others (hand,
ghost and dynamite) that help in editing and

organising the diagram. One can select symbols

from the menu, move them onlo the computer
screen (a small part of the available electronic
worksheet) and connect them. The software
‘knows the connection rules, so modelers are con-
strained 1o produce diagrams which connect sym-
bols in the sequence: level-information flow (or
influence)-converter—action  flow-level. The
software provides a very effective {and enlertain-
ing) medium for mapping policymakers’ knowl-
edge ol a business or social system, é

® There 15 one symbal provided by the STELLA sofuware. the
converter. that differs from the function symbol in Figure 2.
The function symbel is & “high level” symbol that can contain
many subsymibols, In STELLA, the converter is just like 3
traditional "auxilinry' svmbo! o system dynamics. En practice
this difference is important. 1t causes STELLA diagrams Lo
be mose visually complex than policy structure diagrams {or

05

In addition t¢ symbols, system dynamics pro-
vides guidelines for equation formulation. These
guidelines can be thought of as rules for convert-
ing symbols, text and words into algebra. There iy
not the space here 1o examine the guidehnes in
depth. 7 However, let us take just a couple of
exampies to illuserate how methods of developing,
algebra are improving with the belp of software,

Consider first the simple but crucial issue of
paming symbaols and variables. Names are chosen
o fit closely with the terminology and concepts
used by policymakers. Models often go through
major revisions of terminology as concepts he-
come clearer and more precisely defined. The ob-
jective 15 10 make diagrams and algebra readable
and easy to relate to people’s mental models.

Modeling software gives good support [0 users
who wish (o create readable models. For example,
the modeling and simulation package Professional
DynaMo [49] has a documentation module that
provides clear visual display of algebra. automatic
translation of algebraic names into plain language
(using a file of definitions supplied by the mod-
elery and compeehensive cross indexing of varia-
bles, equations and manually-prepared diagrams.
SteLia aliows the modeler to specify long (17
character) tabels for symbols in diagrams. Once
the labels are entered into a diagram they are
available or use in equation writing without being
retyped. Moreover, medelers must-write eguations
that combine the inputs 1o symbols as specified on
the diagram, otherwise the software will reject the
equations, The result is a diagram with under-
standable labels that always match exactly with
the variables used in equations.

Consider next the issue of dimensional balance
in equations. The units of measure on the ieft-hand
side of an equation should match those on the
right, and any conversion coefficients (such as
productivity that relates a workforce to a produc-

policy maps). The increase in visual complexity is more
noticeable the larger the model. Moreover it is difficuh o
identify in STELLA diagrams the major *players’ and centres
of decisionmaking responsibility. However, there is no tech-
nical reason why a graphic modeling packape could nol
employ a high-level general functon symboi. '
Readers who would Tike 10 know more about guidelines for
equation formulation are referred 1o Forrester {12, Chapters
3-9}, Richardson and Pugh {50, Chaprer 4. Coyle [6, Chapter
5] and Richmond et al. {54, pp 2.72.2.74).

~
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tion rate) should have real meaning in the system.
Dimensional analysts, if thorough, is a powerful
method of rooting-out errors in formulation and
for pinpointing confusion in the conversion of
diagrams and verbal descriptions into algebra.

Software packages help modelers with dimen-
sional analysis. Dysmar (Cavana and Coyle [3],
Vapenikova and Dangerfield {72]) includes a {ull
dimensional analysis module. Professional Dy-
NAMO and STELLA encourage dimensional analysis
in that they aliow one to supply dimension labels
that appear in equation listings.

New concepts from behavioural decision theory

With the symbols and mapping rules of system
dynamics it is possible to create quite complex
networks of decision functions, actions and levels.
But there are innumerable ways to link the sym-
bols which all obey the connection rules of feed-
back systems. However, only some symbol config-
urations correspond to realistic orgamsational sys-
tems. There is a need for modelers to be quite
discriminating in their choice of information links
and influences if they are to produce plausible and
insightful policy models.

Recently, system dynamics has adopted con-
cepts from behavioural decision theory that are
useful for specifying information links among de-
cision functions. (Hall [25,26,27], Morecroft
[35.41], Sterman {66,68,69}). Behavioural decision
theory focuses on the information and heuristics
in real-life decisionmaking. What information re-
ceives attention i organisational decisions? What
information is ignored, and why? What factors
condition the quantity and quality of this informa-
tion? Behavioural decision theory concludes (with
plenty of empirical evidence) that people make
choices using only a few sources of information
processed with simple rules of thumb. So the
network of information flows in a realistic
organisation is guite sparse relative to the network
that would exist if each decisionmaker used infor-
maticn from every source in the system.

Figure 4 shows how behavioural decision the-
ory guides the mapping of decision functions and
therefore complements the rules from information
feedback theory. One can see in the figure the
standard feedback representation: decision func-
tion—action flow-level-information~decision

Fiow Reguiator
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1. People’s cogritive imitat:ans
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. Organsational and geographical structure
. Tradiuan, culture, folklore, leadership.

Figure 4. The behavicural decision function— Decision making
and information filters

function. In addition there are many other infor-
mation flows and influences (originating from
other levels in the system) which are shown on the
outer boundaries of the decision function. Only a
{few of the information {lows actually penetrate to
the heart of the decision function where they
influence the choices and actions of the *players’
(individuals, groups, subunits) represenied by the
function. The concentric circles surrounding the
decision function represent organisational and
cognitive filters which select or limit the informa-
tion made available to different decisionmakers.

The composite symbol comprising the decision
function and concentric circles (filters) is a be-
havioural decision function. it is a visual represen-
tation of ideas first developed by Simon [61], and
the Carnegie School (summarised in Allison {1,
Chapter 3] and captures aspects of modern be-
havioural decision theory by Hogarth [28], Tver-
sky and Kahnemann [71}.

There are five information filters surrounding a
decision funcuon. The first filier represents peo-
ple’s cognitive limits and Simor’s notion of
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bounded rationality (Simon [60,62.64]). People are
unahle 1o process all the information that a busi-
ness or social system may present them. They
make their judgements on the basis of a few
sources of information processed according to
quite simple rules of thumb.

The outer filters (2. 3, 4 and 5) in Fipure 4
represent the ways in which an organisation con-
ditions the information made available (o de-
cisionmakers. This part of the ligure draws par-
ticularly on Simon’s Adminisirative Behavior which
explains how organisations may display effective
decisionmaking despite people’s cognitive limits
and an over-abundance of information. ® Execu-
tives and managers (and in fact all employees)
make their judgements and decisions in a ‘psycho-
logical environment’ provided by the organisation.
The psychological environment limits the range of
faciors they consider and, in principle, supplies
only the relevant information (a tiny subset of the
(otal information available in the organisation) for
making the correct choices at a given centre aof
responsibility. The filters show the components of
the ‘psychological enviromment’ and they also
provide a convenient basis for guestioning
policymakers.

Filier number 2 represents the influence of
operating goals, rewards and incentives on infor-
mation flow. Decisions and actions in business
and social systems depend on the operating goals
and rewards faced by the key players in the sys-
tem. One can only understand organisational
choice and action relative to these goals and re-
wards. So, for example, it is well-known that
factory managers who are heid accountable for a
specific end-of-year inventory target will drasti-
cally curtail or boost production to meet the target,
in defliance of ‘rational’ cosi-munimizing schedul-
ing criteria, For these factory managers, Informa-
tion about the status of inventory easily penetrates
filter number 2. The filter excludes other informa-
tion on future expected demand, cost siructure
and capacity constraints, which together with in-
{ormation on inventory would be required o set
an ‘objectively rational” production schedule. The

¥ Therelore policy modelers and policymakers would benefit
from reading hooks like Adminisirative Behaviour (Simon
[38)). The Funciions of the Execuive (Bamard [2]) Essence of
Decision (Allison (1} and Judgement and Choice (Hogarth
[28)1. in order 1o cull some basic principles of human and
organisational decisionmakiag.

modeler must ask questions winch elicit policy-
makers' knowiedge of goals and rewards.

Filter number 3 represents the influence of
information, measurement and communication
systems on information flow. To take another
production example, a ‘good’ production schedule
for a microcompuier manufacturer might require
information on the status of inventory n all retail
outlets. If there is no information system capable
of monitoring and reporting retail inventory, then
the produciion schedule must make do with fac-
tory information on the size of the order hacklog,
the amount of finished inventory and the recent
shipping rate. '

Filter 4 represents the influence of organisa-
tional and geographical structure on information
flow. As a decisionmaker, one's position in an
organisation (both geographical location and posi-
tion on the organisational chart) have a profound
infheence on the information sources one is ex-
posed to.

Filter 5 represents the influence of tradition,
cubture, folklore and leadership on information
fiow. Filter 5 is quite intangible yet very important
in determining the factors that get the attention of
decisionmakers in business and social systems.
For eéxample, suppose one i1s modeling the service
division of a computer company and wanis to
understand the quality of service provided 1o
customers. Quality of service depends on the speed
with which servicemen fix customer problems. The
division can respond quickly if its servicemen re-
ceive information promptly from cusiomers. But
the company also needs a ‘service culture’. A
customer problem which is known 1o a serviceman
will get attention (i.e. bring about some action} if
the company’s ‘culture’ encourages good service.
A culture for good service may derive from quite
intangible factors such as stories and folklore
which circulate the company. The stories and
folklore underpin the attitudes of individuals in
the service diviston, and condition the atiention
they pay to customer problems (in other words,
the weight they give to informatien {from customers
requiring service).

What guidance do the filters provide the mod-
eler? Principally they help modelers 1o map
organisational systems accurately by f[orcing them
to pay c¢lose attention 1o the information sources
that are aciually used by decisionmakers {as op-
posed to the information sources that are avatable
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or that seem, al a distance, te be the most ‘sensi-
ble’y and to be aware that information deficien-
cies. bias and error are commonplace. > Also,
the fijters focus attention on the modeling of

decision processes, motl just causal links or in-

fluences. !

By being aware of the filters, modelers can ask
more precise questions to draw out policymakers’
knowledge, and to better specify decision func-
tions. The result is realistic feedback structure that
comes from linking well-specified decision func-
tions.

Influence of behavioural decision theory on system
dynamics

Besides helping modelers to specify decision
functions and map feedback structure, the ideas
adopted from behavioural decision theory have
improved commurication with acadermics, added
some momentum to the ‘soft-modeling’ move-
ment. and stimulated new research in gaming and
the experimental study of organisational de-
cisionmaking. These influences are examined in
more detail below, particularly as they relate to
policy modeling and policymaking.

? Forrester {11] swesses the need o model real-life decision-
making processes and (0 pay attention fo the information
sources that are influeniial at different points in an organi-
sation (see particularly Chapter 10, *Paolicies and Decisions’).
But Indusirial Dynamics gives little explicit guidance to the
modeler on how o setect the information flows that should
enter decision functions and later books by other authors
give no guidance at all (because the later books show how
to model causal leops, nol decisionmaking processes). Be-
havioural decision theory (particularly from Camegie litera-
ture) provides some conceptual apparatus for discriminal-
ing influential information seurces.

" During the 1970's, many sysiem dynamics models were
mapped in terms of causal loop diagrams or influence
diagrams without explicit representation of decisionmaking.
In the case of policy models, it 15 much better to map
decision processes, actions and levels (rather than simple
influences) in order 1o buiid credible feedback structure (see
Forrester {113}, Chapters 6-19, and Morecyofl {38]).

" Enterestingly. the outer filters owe very liitic 1o modern
behavioural decision theory. because modern theory deals
principally with individual or group decisionmaking in a
given organisational setling. The outer filters represent the
conditioning of information by the organisation or, in other
words, the organisational setting itsell.

Communication with the academic communiny

Behavioural decision theory clarifies  and
amplifies the conceptual content of system dy-
namics and provides new vocabhulary for com-
municaling with academics. System dynamics
models can now be described as ‘behavioural
simulation maodels’ that ‘portray beunded ration-
ality in organisations’. The models represent
organisations as decisionmaking/ information
processing systems involving many players, with
multiple (often conflicting) goals and himited in-
formation processing capability. The feedback
structure of the models emerges from the assump-
tions one makes about decisionmakers’ access to
information, the weight that decisionmakers place
on different information sources and the rules of
thumb they use to make judgements. Dynamic
behaviour {which 1s often economically ‘ineffi-
cient’ from a system-wide perspective) i1s a conse-
gquence of the feedback structure and can there-
fore be traced to assumptions about behavioural
decisionmaking. With these labels to describe
models it s possible 10 write articles of direct
interest to (and to converse with} academic
economists (Sterman [66),) organisational and
policy theorsts (Hall [24.25.27], Morecroft [41,42],
and behavioural scientisis  {Sterman  (68.69]).
Moreover, policymakers also relate 1o models
which capture explicitly the multiple operating
goals, administrative procedures and information
deficiencies of real organisations.

Momenium 1o the soft-modeling movement

Recently interest has grown in system dynamics
as a soft-modeling methodology. Work in this area
has been spearheaded by Wolstenholme [73, 74
(with Coyle), 75] and is related to" work in the
general systems area by Checkland [4] and in
cognitive mapping by Eden [7,8,9]. The thrust of
the soft modeling movement in system dynamics
can be seen in a portion of Figure 1 which is
reproduced in Figure 5 below for convenience.
The idea is to emphasize the ‘front-end’ of system
dynamics modeling before one invokes the use of
ajgebra or simulation. Wolstenhoime and Coyle
[74] distinguish ‘quahtative’ and ‘quantitative’
maodels and argue that ‘qualitative’ modeling is
quite useful to policymakers in its own right, if the
madeler uses the symbols and structuring rules of
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Figure 5. The solt modeling movement and the influence of
behavicural decision theory

system dynarmics to full advantage.

In Figure 5, a ‘qualitative’ model is the ext and
diagrams that result from mapping policymakers’
knowledge into the symbols provided by system
dynamics. Wolstenholme suggests a number of
guidelines to enhance the mapping. Behavioural
decision theory adds more symbols {the behaviou-
ral decision function and associated filters) to the
qualitaive modeler’s graphic menu. These extra
symbols enrich the diagrams, draw in more of the
policymakers’ knowledge, and broaden the scope
of policy debate and dialogue.

Research in gaming and experimental swudy of
organisational decisionmaking

Gaming has ong been a branch of system
dynamuics. Recently, Meadows {35) has revitalised
the topic, principally as a means of improving
communication between models and policy-
makers. His work 15 reviewed later. However,
building on Meadow's work, and injecting be-
havioural decision theory, Sterman has opened
gaming as a fascinating new branch of research
that promises to forge closer ties to modern be-
havioural decision theory and to yield new experi-
mental methods for the study of organisational
decistonmaking.

An example of Sterman’s work is a behavioural
simulation model of capial investment in an
cconomy '? (Sterman [66]). Included in the model

12 e . : L A
Sterman’s madel is a much simplified version of s system
dynamics model of aggregate production activity in the
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are aggregate decision functions for production
planning, inventory control, backlog control,
capilal ordering and capital supply, linked 10-
gether by information flows, action flows and
levels representing the aggregate stock of capital
equipmeni on-hand and on-order 1 the economy,
Sterman and Meadows [67] have converted the
model into a role-playing simulation game by
replacing the decision function for capital ordering
with a ‘decision shell' which provides to real hu-
man subjects the same informaton used in the
capital ordering function of the full model. The
design of the decision shell is guided by consider-
ing the behavioural and organisationat filiers in
the original model's capital ordering function.
Gameplayers manage a simulated economy in
which they must order sufficient capital plant and
equipment 10 satis{y aggregate demand. They have
complete and perfect information on demand,
backlog, delivery time and capital stock. They can
view the structure of the simulated economy on a
video display generated by the microcomputer-
based game, and they can call up screens of in-
formation which show the past history of the
system. When the game is played. the overwhelm-
ing majority of subjects genmerate significant and
costly oscillations in capital stock and capital
orders guite simuilar to those generated by the full
model. The behaviour of subjects is far from opii-
mal and Sterman [68] suggests that the decision-
making heuristic they are [ollowing is captured by
a simple decision rule which is consistent with the
notion of bounded rationality.

In business policy modeling, similar gaming
work has been carried out by Flint [10] who
constructed a role-playing simulation game of sales
planning and control for a muliiproduct sales-
force. Fhint's game links decision functions [or
salesfarce time allocation (salespeople’s choice of
the proportion of selling time they allocate 10
different product lines), customer ordering, sales
forecasting and abjective setting, to a decision
shell for compensation planning. Subjects in the
game play the role of compensation planners,
adjusting the commission on preduct lines accord-
ing 10 sales performance. Flint describes the design

U5 econemy, developed over the past ten years by MIT s
Sysiem Dynamics Greup., For more information on the
model see Forrester [15,16) and Forrester et al. 18]
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of the decision shell and the results of playing the
game with managers and compensation planners
in companies with a multi-product salesforce.

Emphasis on learning and reasoning—the micro-
world concept

People {requently ask what new insight can be
gained into business and social problems from
modeiing and stmulation that cannot be obtained
from conventional written and verbal argument?
Forrester and Simon have both made interesting
statements on this question which serve 1o under-
score the/new emphasis in systern dynamics on
learning and reasoning. Forrester orgamses his
paper ‘Counterintuitive Behavior of Social Sys-
tems’ [14] on “the basic theme that the human
mind 15 not adapted to interpreting how social
systems behave”. He suggests that people mis-
judge the dynamic behaviour of social systems
because there are:

*...orderly processes al work in the creation of
human judgement and intuition, which fre-
quently lead people to wrong decisions when
faced with complex and highly interacting sys-
tems.”

He then goes on to contrast a computer simula-
fon model with a mental model:

*“...the most important difference between the
properly conceived computer model and the
mental model is in the ability to determing the
dynamic consequences when the assumptions
within the model interact with one another. The
human mind is not adapted to sensing correctly
the consequences of a mental model. The men-
1al model may be correct in structure and as-
sumptions but, even so, the human mind-
either mdividually or as a group consensus—is
most apt to draw the wrong conclusions. There
is no doubt about the digital computer routinely
and accuraiely tracing through the sequences of
actions that result from following the state-
ments of behavior for individual points in the
model system.”

Simon {63] devotes pages 17 to 22 of his book
The Sciences of the Ariificial to the topic “Simu-
lation as a Source of New Knowledge’

*...This brings me to the crucial question about
simulation. How can a simulation ever tell uvs
anything that we do not already know? The
usual implication of the question s that 1t
can't...{However]... There are two related
ways Iin which simuiation can provide new
knowledge—one of them obvicus, the other
perhaps a bit subtle. The obvious point is that
even when we have the correct premises, it may
be very difficult to discover what they imply.
All correct reasoning is a grand system of
tautologies, but only God can make direct use
of that fact. The rest of us must painstakingly
and fallibly tease out the consequences of our
assumptions... The more interesting and sub-
tie question is whether simulation can be of any
help to us when we do not know very much
initialiy about the laws that govern the behav-
jor of the inner system?... [The question can
also be answered in the affirmative]... if the
aspects in which we are interested arise out of
the organization of the parts, independen: of all
but a few properties of the individual compo-
nents.”

Increasingly system dynamicists view their
models as ‘sources of new knowledge’ or as tools
for learning about business and social sysiems.
(See de Geus [21}, for the views of a senior plan-
ning executive on corporate learning and the role
of models). This emphasis on learning is reflected
in several trends and topics: generating dialogue
between mental models and simulations, using
workshops and roie-playing simulation games, and
[inally generic models.

Generating dialogue between mental models and
simularions

How can one gencrate a dialogue between a
mental model and a simulation model? In system
dynarmcs the process for dotng so was first spelled
out by Mass [34] in a paper with the title 'Di-
agnosing Surprise Model Behavior: A Tool for
Evolving Behavioral and Policy Insights’. Mass
begins with the observation (like Simon) that
stmulations can provide new knowledge:

“...some of the most important insights into
real system behavior can arise from model re-
sults that at [irst appear to be at odds with
knowledge of the real system, but which in fact
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suggest importanl new interpretations af per-
ceived facts.”

He then goes on to propose ten guidelines and
tests for resolving surprise behaviour. 1 will not
list all ten here but instead pick three which are
especially relevant to starting a dialogue. First,
and most important, policymakers and modelers
should establish an a priori expectation of system
behaviour:

“ appearance of ‘surprise’ behavior implies a
discrepancy between results actually produced
and previous expectations of those results. Thus,
it is absolutely essential that the model builder
have a strong a priori expectation of maodel
outcomes, to estabiish a baseline against which
surprise model behavior can be recogmsed
through the appearance of a discrepancy.”

Once an expectation of model behavior 18
established then the second guideline is to foliow
up all unanticipated behaviour 10 an appropriate
resolution:

“The model builder must adopt a perspective
that views the encountering of surprise model
behaviour as a significant opportunity to be
capitalized upon ... {rather than] ... to pursue
parameter combinations that make the anoma-
lous behavior less evident or to dismiss the
behavior as being outside the intended use of
the model.”

The third guideline is 10 confirm ali hypotheses
about surprise dynamic behaviour = with  ap-
propriate model tests:

“When surprise model behavior is encountered,
the model builder must identily why the model
produces the unexpected results. The question
of why a model produces certain patterns of
dynamic behavior can always be answered witl
enough time and effort relative 1o the maodel
framework. Once the model behavior 1 under-
stood, the realism of both the behavior and the
underlying mechanisms must be challenged

- against corresponding behavior and structure in
real life.”

Mass's guidelines provide a protocol for gener-
ating dialogue that many system dynamicists have
since adopted. The protocol has evolved to suit
the needs of policymakers (in addition 1o mod-

elers) and 1o suil new software, Morecrofl [40)
describes the process of generating policy dialogue
and debate by contrasting executive opinion {about
the outcome of a proposed stralegic move) with
model-generated ‘opinion’. Models which are builf
(o facilitate this ‘dialectic’ are described  as
‘strategy support models’. Similarly, Richmond’s
[53] model-testing guidelines reguire modelers to
state a hypothesis (about dynamic behaviour) be-
fore simulating, in order 1o ‘squeeze the maximum
learning’ out of simulations.

For people to engage in dialogue with a model,
simulation runs must readity relate 10 their intui-
tion. 1y other words, simulation runs should be
designed to correspond 0 scenanos whose out-
come policymakers and modelers can readily
imagine (express an opinion on) using their
knowledge of the system.

Morecrolt [41] and Sterman {66] suggest the use
of partial model tests that expose the ‘intended
rationality’ of decissonmaking in complex systems.
This testing strategy is particularly effective for
communicating models that exhibit counterintui-
tive dynamic behaviour (e.g. long term cycles in
capital equipment in Sterman’s model of capital
investmen! and a productivity trap in Marecroft’s
model of a sales organisation). Partial model 1ests
show that decisions and actions of players in a
system are ‘sensibie’ (intendedly rational) when
the feedback setting for the players’ decisions 1s
simple. Dynamic behaviour which arises from
‘sensible’ decisions and actions is usually intui-
tively clear, and therefore conducive to dialogue.

Partial model tests are designed by cutting
feedback loops in the full model (or by building a
deliberately simple, incompiete model) in order to
isolate a subset of the system’s interacting be-
havioural decision functions. The simplification 1s
carried out in such a way that one can construct
plausible scenarios (scenarios that policymakers
can identily with) [rom simulations of the parual
structure. For exampte, Sterman conducts a test of
capital ordering in an aggregale economy in which
production of capital equipment is unconstramed
by the economy’s stock (or level) of capital
equipment. Of course, in the real economy, and in
the full model, the stock of capital equipment does
constrain production. Nevertheless, removing the
constraint does not alter the logic or inputs 1o the
model’s decision function for capital ordering. But
it does simplify the feedback network in which the
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function 15 embedded. Two feedback loops are
cut. One cut eliminates capital sell-ordering, the
boostrapping process in  capital investment
whereby, in order to boost production of capital
equipment, the sector must first increase its stock
of capital equipment. The other cut eliminates
hoarding, the tendency for producers to order
more equipment when equipment delivery time 1s
rising, **

Simulations of the partial model show that
capttal orders and capital stock adjust in a
straightiorward (easy-to-understand) way to a step
increase in demand for capital goods. By contrast,
simulations of the full model show that capital
orders and capital stock [tuctuate with a long 50
vear period in response to the same step increase
it demand. Sterman uses several partial model
tests (o build a ciear explanation for the complex
(non-intuitive) behaviour of the full model.

Richmond et al. {54] also talk about partial
mode!l testing under the heading of ‘conducting a
santty check’. Step one of the process is to con-
struct a simple ‘open-loop' model {the equivalent
of a partial model). As Richmond explains, the
open-loop model stimulates thinking:

“Open loop, in thus context, really means ‘{ree
lunch’ i.e. you can get what you want simply by
asking for it. Clearly. such an open loop model
is not intended 1o be realistic. Rather, it is
designed to indicate what’s possible (under the
most ideal circumstances), and also to acquaint
the group of manapers involved in the sanity
check exercise with the basic framework and
technology that will be used in the analysis.
The idea is to begin simple... Then, as the
exercise proceeds, the ‘frechies” will be sys-
tematically removed. The operative question
throughout is always the same; can we still get
there from here?” -

Using warkshops and role-playing simulation games

It used to be common 1 policy modeling 10
develop models containing several hundred or even
several thousand equations. These large models
(which are still built today and have an important

" Sirictly speaking, the hoarding loop is not cut but instead
newtsalized, becavse equipment delivery tlime stiys constant
in the partial model.

J.D W Marecroft / Svstem dvnamics and microworlds for policvmakers

role 10 play in policymaking) are large because
their creators want them o accurately rephicate
historical time series and to provide good short-
term predictions, in addition to generating di-
alogue. Tt usually takes lots of equations to write a
modei that will accurately simulate history.

Now, much smaller models of thirty, forty or
fifty equations are commonly presenied to
poiicymakers. The purpose of these models is to
‘prime’ policymakers’ for debate. Much less em-
phasis is given to replicating time series.

In order to stimuiate debate, a model shouid be
transparent 50 that policymakers - can see their
knowledge reflected in the model’s assumptions,
The modei shouid also be presented in a way that
dramatises its assumptions and relates them to
policymakers’ experience.

The idea of ‘dramatising’ 2 model has led 1o the
development of ‘policy workshops™ and  has
brought renewed interest in role-playing simula-
tion games. '™ In both cases the modeler (perhaps
best thought of as a (actiitator / maodeler) creates a
‘learning environment’ for policymakers that
makes them feel part of the model situation, In
principle, policymakers who are placed in such an
environment come 1¢ relaie their own experience
more closely to the model than they would in a
conventional model presentation, They also inter-
nalise more readily the ‘lessons’ about dynamic
behaviour that the model conltains.

There are several people paying close attention
10 waorkshops and games who are discovering how
1o design effective learning environments. Kreutzer

" Another way to provide a context of drama and realism for
a policy model is 10 integrate it with a conventional case
study. The case, which let us suppose is a business policy
case, provides peneral information on a selecled company:
the sitwation or problems 1t faces; the industry &1 competes
in, its products and rmarkets, 1ts history, its organisation and
administration and the personalities of its leaders (see for
example Christensen, Andrews and Bower |6}). The mode!
provides discussants with addilienal information on the
business which may include maps, descriptions of palicy
functions, algebra and simulations. The case and model are
complementary. The case reveals the siralegy, structure and
operational decisionmaking af the business, while the maodel
shows graphicaly {with maps and simulations) how the
company's resistance o stralegic change arises from s
structure and the inertia of its operational decisionmaking.
The case/model combination can help probe the crucial
(and often weak) link between stralegy and operating poli-
cies. Work in this snteresting area is only just bepinning,
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{30] has developed a workshop for educators and
crudents to explore the dynamics of an arms-race.
The workshop builds on 2 qmall (20 equation)
dynamic madel of an arms-race created by Forre-
ster [19]. Forrester’s model represents in outline
the decisionmaking Processes used by two coun-
ries. X and Y. for estimating tieir opponent’s
alock of arms, for judging the adequacy ol their
own stock of arms and for procuring arms from
industrial military suppliers. The model also in-
ciudes levels that represent the stock of existing
arms and new arms under development. The de-
cisionmaking network of the model captures in
very interesling ways the laps, distortions and
hinses that occur in the transmission  and
processing of sensitive military and potitical infor-
mation. The model’s treatment of information flow
is a fascinating exampie of pounded rationality in
the military and potitical domain. The dynamic
properties of the model (exponential growth in the
siock of arms of both countries X and Y} arise
from the imperfeciions assumed in the system’s
decisionmaking processes.

Kremzer's workshop immerses participants in
the realities of military and political decisionmak-
ing. They are provided with articles on the arms-
race from magazines like Newsweek and the
Economist. They are presented with charts show-
ing the history of the Soviet—U.S. arms race. They
are given cartoon illustrations from magazines like
Punch or the New Yorker which portray (in amus-
ing but memorable and usually realistic ways) the
imperfections of military intelligence (for example,

an illustralion showing large crates being shipped

to Cuba on anonymaous {reighters, and two miki-
lary officers debating the likely centents ol the
sill-closed crates). All this material activates par-
ticipanis’ mental models of the arms-race and
highlights the role of information processing and
information feedback in arms control. With this
preparation participants are able 1o relate their
Lnowledge and experience L0 the model and o
appreciate  the assumptions that underlie  the
model's Teedback structure and dynamic be-
haviour.

in his workshop, Kreutzer also uses a series of
partial modei tests 1o show how the decisionmak-
ing processes that generale an arms-race are quite
“ensible and benign' when the imperfections and
biuses in information processing are elimimated.
(e.g. simulations which assume that decision-
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makers in coungries X and Y have perfect knowl-
edge of their opponent’s stock of arms (both in-
stalled and in development) exhibit much slower
exponential growth, Or in some CASCh, no growth at
all.

Role-playing games fulfity a very similar func-
tion to workshops by providing a context of re-
atism and drama to relate policymakers’ knowli-
edge o simulation models. In the case of games
the drama is provided by making participants play
Ihe role of a selecied decisionmaker/s in the model
system.

The production distribution ‘hand simulation’
game s a good example of a game thal promotes
learning and policy debate. It is a board game
played by teams of four players. Each player takes
a role as either retailer, wholesaler, distributor or
manufacturer in a vertically integrated manufac-
turing and supply system (a beer production and
distribution system is usually selected). A player is
sesponsible for managing inventories and backlogs
al one point in the system (e.g. wholesaler) and for
piacing orders with the adjacent player down-
stream (e.g. distributor) in the supply chain. The
objective of the players is 1o minimise the leam’s
inventory and backiog €OStS in the face of exoge-
nous customer orders. The volume of orders is not
known in advance by any-player, and is revealed
week-by-week 1o only the retailer. The game shows
the difficulty of coordinating decisionmaking and
action in a system with decentralised decisionmak-
ing and imperfect information processing. Almost
al} teams that play the game incur inventory and
backlog costs which are much higher than the
‘theoretical cost minimum. Recenily, Senge ' and
Sterman [65] have refined the game instructions,
improved the board jayout and documenied an
effective protocol for debriefing so that the game
now serves as a general purpose introduction (o
feedback systems and modeling.

The production-distribution game uses coins,
paper. and a plastic printed board. But many new
electronic or semiclectronic role-playing games are
heing developed. Meadows is spearheading the
development of games for policymakers and has

i Genge uses the game reguiarly with chuel executves in 4
chort course on Syslems Thinking. The game materials
(hoard, cards. instractions. debrieling protocol) are availa-
hle Trom Insovation Associates, PO Box 2008, Framingham
MA 01701, USA.
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devated much of his research effort 10 the topic.
His games are aimed not only at policymakers in
business. but also pubiic policymakers as for
exampie with the game sTrRaTaGem 1 (Meadows
[35). He has also collabarated with Sterman to
produce STRATAGEM 2, the role-playing simulation
game of economic investment cycles mentioned
earler {G7].

More policy games have been developed such
as Hall’s mapgazine publishing game [23], Flint’s

multi-product salesforce game [10] and Habibe's

arms-race game {22]. The management consulting
company Pugh-Roberts Associates has developed
a role-playing game for managers of large-scale
projects (based on a comprehensive simulation
model of project management {48]). Further games
are under development at several modeling centres
both as learmang environments and as laboratories
for research in behavioural decisionmaking.

Generic policy models

Generic policy models are (usually small) mod-
els which display important dynamic processes
that occur {frequently in business and social sys-
tems. In addition generic policy maodels ofien en-
capsulale some ‘managerial wisdom’ in the form
of *principles’ for effective policymaking in situa-
tions like the one represented by the model.

Examptes of important and general dynamic
processes are captured in such words and phrases
as growth, decline, saturation, goal-seeking,
fluctuation, goal erosion, worse-before-better, be-
tter-before-worse, vicious cycle, snowball effect,
bandwagon, productivity trap, poverty trap, policy
resistance, compensating feedback and others, For
each dynamic process there is a corresponding
feedback structure. For example, Forrester’s
‘market growth model’ [14] contains three im-
portant feedback loops that interrelate production
capacity. salesforce size and customer orders in a
growth company {or business unit). One loop—
which combines policies for budgeting, salesforce
hinng and customer ordering—gencrates  ex-

ponential growth in sales. A second Joop—which’

combines policies for capacity expansion and [or
control of delivery ume—adjusts production
capacity to changes in customer orders. The third
loop-which links customer’s ordering and com-
pany production—ensures a iong run balance be-
tween customer orders and production capacity.

The complete model can exhibit dynamic be-
haviour ranging from exponential growth in sajes
and capacity, to stagnation and decline. This range
of dynamic behaviour comes rom combining dy-
namic processes (and associated [eedback siruc-
tures) of growth, sawuravon, fluctuation and goal
erosion.

Generic models offer modelers and policy-
makers a way of collecting and storing knowledge
about feedback structure and dynamics of social
and business systems. '® Each generic model is a
sell-contained *behavioural theory” of the dynamic
processes it illustrates. Because generic models
store dynamic theories (and ‘insight’ into dynamic
behavicur) they have attracted research effort,
especially in the last five years, Bul, progress so
far has been disappointingly slow, partly because
it is difficult to prove that a given model 15 truly
general, and partly because the word ‘generic’
means different things 1o different people. '’

Despite these problems, research on generic
models remains an important topic, (see [or exam-
ple Paich [44]) particularly given the growing em-
phasis on models and simulations Jor learning and
reasoning. A comprehensive ‘'library’ of generic
models (Forrester {17}) would help modelers
organise descriptive information aboul a system.
One could 1denuify important feedback loops in
policy diagrams and then, from knowledge of
simulations of similar structures in the “library’.
analyse growth, fluctuauons, decline and satura-
tion in system per{ormance.

% Lyneis' book Corporate Planning and Felicy Design [33]
contains several well-documented generic models of manu-
facturing systems.

Some modelers think of genenc models in terms of feed-
back structures, dynamic behaviour and insights which are
of use across the board in secial, physical, ecological and
hiological systems. These people tend to Tocus on patierns
and types of interacting feedback loops, aad on abstract
dynamic behaviour. Others think of generic models in terms
of -poliey structure, dynamic behaviour and insights which
are of use in many policymaking situations. These people
tend to focus on policy interactions and feedback loops that
arise from connecting policy functions, and on managerial
principles that stem from dynamic behaviour.



Maodelling for Management 1 203

JDW Marecroft 7 System dvnamics and microwerlds for policvnkers

Futyre research-—improving model supported ‘di-
alogue’  and the mapping of policymakers’
knowledge

An imporiant objective of future policy-related
reseprch in systen dynamics is Lo improve the
quality of dialogue and debate among policy-
makers and between policymakers and models.
Better dialogue comes from capluring accurately
in maps and models policymakers’ knowledge of
business, and from strengthening the influence of
model-generated opinion in poilicy debate. Many
research paths are open to improve model-sup-
porled diaiogue. They include field experiments,
pehavioural decisionmaking, game design and
mapping technology.

Field experiments

Field experiments are already underway 10 ex-
plore the process for generating cffective modet
supporled policy dialogue. The experiments are
taking place in both large and small business
organisations in the Unile¢ States and Europe.
Researchers and censultants are experimenting
with the content and sequence of model develop-
ment 1o better understand which modeling activi-
ties should be conducted during meetings and
which beforehand; 1o better understand what bal-
ance to strike between gualitative mapping and
simulation: and to better understand how to use
partial model tests and simple scenarios 1o chal-
lenge policymakers’ intuition.

Researchers and consuliants are also experi-
menting with the composition of the project team
(the mix of policymakers, modelers and facilita-
tore). ' the format of meetings (how [requent
how long, and what mix of discussants), and the
“technology’ for presenting and recording policy
debate (flip-charts, blackboards, paper, overheads,
video projectors and computers {with word-
processing, diagramming and modeling software)).

Several recent papers describe the style and
direction of the field work. Richmond [55] and

" Roberts [56] wrote an influential paper in 1972 that high-
lights several key issues in the modeling process: project
seleclion. project team composition, pace of maodel develop-
ment, model detail and communication /implementation of
model-based recommendations. New ficld research in sys-
em dynamics is examining thesc issues in more depth,
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Senge |59} describe a *Strategic Forum’ which they
view as a "process’ 10 enable a cross-functional
management leam Lo improve the maich between
operating policies and stated strategic objectives. 1
A forum involves several work steps for a manage-
ment team: articulating current vision and strategy,
developing simple 'reality check’ models, develop-
ing more complex models by ciosing feedback
Joops, conducting * what-if” policy testing and defi-
ning action steps. Morecroft [40,42,43} describes
“strategy support models’ which are intended 1o
“provide executives with insight into whether the
policies and programs (of a business strategy) are
properly coordinated and whether they are in fact
capable of achieving the market and financial
objectives called for by the strategy’. He describes
two phases of modeling, a first qualitative map-
ping phase o identify ‘players’. policies, and
feedback structure, and a second simulation mod-
eling phase to develop equations and concepts and
ic debate the outcome of simple simulated
SCENarios.

It is interesting to note that research and con-
sulting on the process of model-building with
management teams is aiready well-established out-
side the system dynamics {ield. Well-known work
has been carried out by Phillips [4647] and Eden
[8,9] and the 1opic is receiving increasing attention
in the area of decision support systems (Land et
al. [31]), Keen and Scott-Morton [29], Lorange et
al. [32]). Some cross-fertilisation of research and
methods would likely be fruitful.

Behavioural decisionmating and ganing

The value of behavioural decision theory to
syslern dynamics is clear enough: its ideas can
help modelers to ask better questions of policy-
makers, 10 specify decision processes more accu-
rately, and to capture more or policymakers’
knowledge in maps and algebra. It is likely that
modelers can pull still more ideas from the com-
bined literature of the Carnegie school and mod-

19 Senge is using the sirategic forum in a research program al
MIT's Sloan School of Management called *Systems Think-
ing and the New Management Style”. The program, which
involves leaders of some of America's most innovative
corporations, 1s exploring how systems thinking can be
developed within the participating organisations (Senge
|537.58T). '



204 Modelling for Managemenr 1

3o LDW Moreersft / Svstem denamiies and microwarlds for policymakers

ern behavioural decision theorists. An important
extension 1o this bridge-building is 10 embody the
new ideas explicitly into svmbols for mapping (say
by neluding information filters in maps) and into
pratocols for questioning policymakers.

Another significant area for research 15 game
design. Behaviorat decision theory gives some gui-
dance (o game design by focussing the game-
bulders' atiention on the design of the ‘decision-
shell’ in which human subjects will role-play, Im-
mediately one thinks of ‘designing a decision shell’
then game-building takes on many interestng re-
search dimensions (1hat go well beyond the purely
wechnical Issue of outflitung a simulation model
with the capability for occasional human interven-
non). There is the question of how one ‘replicates
the organisational, cultural and administrative
filters {of information) that condition choice and
action, What informauon (from the vast matrix of
stmulated data available) should be presented 1o
gameplayers? How should screeas of information
be organised? What balance of graphic, verbal and
visual displays is appropriate? How much leakage
of information between plavers should be allowed
in multi-player games? What is an appropniate
protocol Tor gaming-decisions? How should one
gauge the adeguacy and fidelity of the -decision-
shell? The research questions are numerous. At a
more technical level one might consider the merits
of different programming environments and com-
puters for developing behavioural decision shells,

Finally, there is a challenging. and potentially
large, research topic in the use of gaming 1o link
experimenally the behavioural decisionmaking of
indtviduals and groups 1o the dynamics of large
organisations. In this kind of research a simula-
non game becomes a laboratory for “testing’ cog-
nitive limitations of individuals and groups in
environments that ‘simulate’ large organisations.
Subjects make choices in an experimentally con-
rrolied setiing (the decision shell) that provides
operating information. The operating information
is generated by a sumulation model that ‘sur-
rounds’ the decision sheil. Subjects are free 1o
make any choice they consider appropriate, given
the available operating information, their knowl-
edge ol operating goals and incentives, their *men-
tal modal’ of how the rest of the orpanisation
operates. and also given their own cognitive limi-
tations, The actions and reactions of the rest of
the organisation {comprising several behavioural

decision functions, actions and ievels) are repre-
sented by algebraic functions and simuiated dus-
ing the game, Since the business situation is en-
trety experimental, one can replace the decision
shetl and human decisionmaker /s with an alge-
braic decision rule and discover (through analysis
or simulation) an “optimal’ decision rule. Knowing
an optimal decision rule and the results of many
game trials with many different plavers, one can
discover if and when people use systematically
poor decisionmaking heuristics. One can  also
‘model” the piayers' heuristics and compare them
with the optimal decision rule in order 10 probe
the link between cognitive limits and cbserved
dynamic behaviour.

Research along these lines is being carried oul
by Sterman [69]. It is a fascinating arca that
promises to yield beter understanding of the rea-
sons for (economically) inefficient dynamic be-
haviour i business and social systems. experi-
mental methods for validating model assump-
tions; and new msights o the design of roleptay-
ing simulation games.

Betier mapping rechnology

There 1s a large poteatial for research which
leads te better mapping technology and therefore
to a richer flow of policymakers’” knowledge mto
maps and maodels. The most direct research path
leads siraight to improvements in software. A
more ambitious research path leads into aspects of
modern computer science and artificial imelli-
gence.

Software {or mapping, modeling and simuia-
tion has improved over the past five vyears, as
outlined earlier. However, there 15 room for stll
more improvement. Mapping (of the kind allowed
by STELLA) should permit word-and-picture maps
1o be built at the level of policies (Morecroft [38])
rather than at the present level of algebraic con-
verters. Word-and-picture maps would allow be-
tter communication with policymakers (because
the maps are readable, visually compact and easily
changeable) and would guide equation formu-
latton without constraining conversation {because
they stand in a natural hierarchy above equation
formulation). The needed software should com-
bine the flexibility of drawing and writing packapes
(say hike MacDraw and MacWrite) with the mod-
eling capability of STELLA.
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MNew sofltware should alse help modelers write
pood clear algebra that a pelicymaker can (atmost
hiterally) read! A simple step is to allow much
longer labels so that equations look hke sentences.
Also needed, but more difficult o provide, 15
suidance for eguation formulation—a computer
environment for developing equations that weeds-
out poor formulations. Here is an ambitious but
clear research challenge: (o caplure in a software
packape (at least some of} the expert maodelers’
rules of formulation (for example, dimensional
consistency checks and extreme-condition tests).

Finally, new software shouid give modeiers
more simulation power and flexshility. Given a
credibie model, one should be able to probe *policy
parameter’ space as quickly as one can envisage
and articulate meaningful policy scenarios. The
required llexibility here is not only for rapid re-
simulation, but more imporiant, for rapid relor-
mating and reorganisation of simulated praphs
and charts. Seme original thinking on the ‘ visual
display of quantitative information” {Tufte {70]} is
called for.

The most ambitious research path leads into
modern computer science and artificial intelhi-
gence, Here 1 will speculate from the perspective
of & knowledgeable modeler and policy analysi
bul a relative novice in modern cempuler science.

The challenge is to better understand how to
elicit and reconstruct policymakers’ broad busi-
ness knowledge into meaningful word-and-picture
maps. algebraic ‘sentences’. models and sumula-
vons. 1t seems to me that an important prere-
guisite is to discover more precisely what we mean
by the phrase ‘policymakers’ knowledge’. Branches
of Artificial Intélligence {Al) may provide some
answers {for an eloquent and authoritative intro-
duction 10 Al see Minsky's Sociery of Mind [36]).
However, there is a need for focus. The likely
criterion for achieving focus is to seiect the work
that is most informative on how symbols (words,
charls, pictures, etc.) ‘can be used to provide a
“framework’ on which to hang policymakers’
knowledge,

MA recent articke by Geoflrion [20] on structured modeling
provides some stimulitting sdeas on [rameworks for mod-
cling and representation schemes (the use of graphs, charss,
text-hased schema and “elemental detail wables™). The arnucle
also provides references 1w Al hterawre ar knowledge

representalion.

i

I do not know which branch of artificial wtetli-
gence/ computer science would be most uselud
though | can think of accas that are related. For
example, the branch ol experi systems has made
leadway in coding specialists’ (narrow domain)
knowledpe inio collections of facts and inlerence
engines for relating the fucts. One nught say that
expert system designers have created frameworks
that help {(narrow domain) experts articuiute their
specialist knowledge and wransfer it inte computer
models. In additon one might note that the struc-
ture of the frameworks (the facts and the rules of
inference) both guides and limirs the form in
which knowledge is arucutated and collected, Ex-
pert systems then provide examples of framewoerks
for mapping knowiedge. 1 expect that deliberately
designed frameworks 1o capture policymakers’
knowledge will differ radically in content and
structure from expert systems (since policymakers’
judgements draw on broad (rather than specialist)
experience and knowledge). Nevertheless some
clues o the design of policy frameworks might
emerge {rom expert systems. Almaost certainly there
are other branches of research in artificial intelli-
gence which could offer mare (and perhaps more
relevant) clues,

Let us suppose now that there exist powerful
quaiitative frameworks 10 capture policymakers’
knowledge in words-and-pictures. Now consider
the more specific research issue of converting
words-and-pictures into simulations that can be
used to challenge policymakers’ tntuition, System
dynamics has a particular ‘conversion lechnology’.
It is quite effective, but 1t has remained {unda-
mentally unchanged for the past twenly five vears.
Is there room for improvement, and where should
ane look for new deas?

" In my view, a-weakness in the existing conver-
sion lechnology 1§ in the link between word-and-
picture maps and algebra. 1t 1s difficult 10 wrile
good algebra that means mathematically what you
intend with words, and some ideas just don't seem .
to Nt very well into the mould of aigebra and
differential equations. Are there aliernatives o
algebraic equations and would they be better? |
don’t pretend to know the answer (o this question,
but I think 3t is worth exploring as a research
topic. Moreover, new programming/ modeling ap-
proaches from modern computer science may
prove helpful.

I have some familiarity with the programiming,
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language LoGo (Papert {45]). LoGo is used to
create learning environments (microwortds) to help
schoolchildren (and university students) 1o under-
stand *difficult’ or abstract concepts such as force,
momentum and energy in physics. A LoGo micro-
world is built using LOGO primitive commands
each labeled imn plain English. LoGo commands
can be grouped together and given a name to form
& new command. New commands built in this way
can be abstractions for complex concepts. For
example, if one is learning about relative motion
one can use a relative-motion microworld {Linda
E. Morecroft [37]). Such a microworid is con-
structed from a set of commands that simulate
motion. The commands are used 1o set objects in
motion on a computer screen and then combined
to study relative motion. Thus, objects set in cir-
cular motion can be used to investigate complex
patterns of relative motion that occur when one
object moving in a circle is viewed from another,
The point here is to show that the structure of the
programming ianguage allows the construction of
micro-worlds in which complex situations can be
studied by playing with and combining simple
building blocks. I do not know what the structure
of an analogous language for policy systems might
be, but 1 am sure it differs {rom conventional
simulation modeiing languages.

I have outlined some promising paths for future
research in system dynamics. A lot has been
accomplished over the last ien years. but the re-
maining opportunities and challenges are enor-
mous. Future research should provide the technol-
ogy, theory and group processes for policy micro-
worlds which will (in Richmond’'s words) ‘help
organisations design their own future’,
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