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Abstract. Developing a good, accurate model is very impartggment in business games and simulations. Tdrere
many problems in model identification, pattern mgtition, approximation and extrapolation. To addréisese
problems new techniques like artificial neural natks, genetic algorithms etc. have been developéedagplied to
analyze existing massive amounts of data and éxissful information. This paper presents a hybpgroach based
on self-organizing data mining. The results shoat this able to develop even complex models réglialnd achieves

lower overall error rates than state-of-the-arthrods.

1. INTRODUCTION

Models enable us to study various functions and
behavioral characteristics of a particular systamd @s
subsystems as well as how the system respondsea gi
changes in inputs or reacts to changes in paraseter

study the extent to which outputs are directly tedato
changes in inputs - whether the system tends torréd
the initial conditions of a steady state after d@shbeen
disturbed in some way, or whether it continues to
oscillate within control limits. A good model caelp us
to understand which behavior is relevant to or toatv
extent the system is responsible for changes
environmental factors.

Models form the basis for any decision. They suppod
assist decision makers in many different ways. Nkde
make it possible to recognize structure and functd
the system (subject of identification). This leadsa
deeper and better understanding of the problemallysu
models can be analyzed more easily, faster andpehea
than the original problem. They help to find appraie

means for cause-and-effect influence on an object

(subject of control) and to predict what the systeam to
expect in the future (subject of prediction). Eweily,
models make possible to run experiments with tiséesy
of interest (subject of simulation), and apply “wifa
analysis.

2. MODELSAND BUSINESS GAMES

2.1 Model-based Business Games

The term ‘model-based’ is generally used to describ
games that have a repetitive decision/result cyaeging
onward through time — each cycle represents ainerta
length of real time, such as a month, a quartex pear.
The players’ decisions establish the policies to be
followed during that period, and the results aréhatv
happened as a result of them’.

component characteristics. Models also enable us to

in

Model-based business games were developed in Isgsine
schools and universities, using the concept of econ
modeling. Players receive a description of an imagyi
business and an imaginary environment and make
decisions — on price, advertising, production tergetc.
about how their company should be run. The dautssi
are compared with a model, which determines how wel
they have fared. A ‘model' in this sense is a skt o
mathematical rules which state that if a certaicisien is
taken then a certain result will follow. The detafl the
rules is not made known to the players. The siniples
example of such a rule is a price/demand relatipnsh
establishing a sales/demand figure for every pessib
asking price.

Chris Elgood, author of the bestselling Handbook of
Management Games and Simulations, pointed out
(Elgood, 2005): “Models are also core features thep
types of game, but in this type — named for thethey
have special prominence. Players submit their aetss

to the same model time after time: its presence is
ubiquitous.” This paper is concentrated on models’
development for any type business game.

A model of this sort can be very simple or very pter
one. In spite of its complexity each model shoull b
accurate enough. Unfortunately in economy, ecology,
sociology etc. many objects are ill-defined systehat
can be characterized by: inadequate a priori inftion
about the system; big number of immeasurable vissab
noisy and/or small data samples, and fuzzy objetits
attributive variables.

Problems of complex objects modeling like systems
identification, pattern recognition, approximatio&
extrapolation, and forecasting can be solved bydike
logical-mathematical modeling or by inductive sogti
out methods.
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2.2  Theory-driven Modeling

In theory-driven approach (also known #eeoretical
systems analysismodels can be derived from existi
theory. This approach leads to the hard systems me
of modeling based on the assumption that the world
be understood objectively and that knowledge aloei
world can be validated by empirical meaike element
of a model are represented by different varia
descrited by numerical values. Then, the c#and-
effect relationships are formulated as mathema
equations or their equivalents.

A key assumption of this approachtit it is possible t
construct and manipulate a model of the problemeu
study, i.e. the researcher has a priori knowledgkaan
describe the essential structure of the originatesy at
least as far as it is necessary for the model marpm
addtion, the structure of relationships within thegimal
system must be known and the environmental inflas
as well.

Unfortunately, in complex, ildefined systems such
most business processes, researchgsriori has onl
insufficient knowledge abduhe relevant theory of tt
system under study. Thus, thealyven modeling is
affected considerably by the fact that tlesearcheis a
priori uncertain regarding selection of the modeicure
due to insufficient knowledge abolts variables an
relationships.

The comprehensive application of the-driven
approach and theoretical systems researethampered
by several essential problemghich can be summarize
by Zadeh$s principle of incompatibility (Mueller ¢&
Lemke, 2003):

“As the complexity & a system increases, our ability
make precise and significant statements aboul
behavior diminishes until a threshold is reachegohd
which precision and significance (or relevance)dmee
almost mutually exclusive characteristics. A cauoll
principle may be stated succinctly as: the closer
looks at a real-world problenthe fuzzier becomes i
solution.”

2.3  Data-driven Approach

As outlined in the previous section, problems ahpex
object modeling cannot be solved in fbly deductive
logical-mathematical method$n inductive sortin-out
methods (known also as datdven approach c
experimental systems analysis) models can be dk
from data. Kiowledge extraction from data, i.e., to del
a model from experimental m&a&rements, he
advantages when a priori onlylitle knowledge or nt
well-define theory is on hand.

Datadriven approach generates a description of
systems behavior from observations of tkal systen
evaluating how it behaves (output) under diint
conditions (inputs This is similar to statistical modelir
and its goal is to infer general laws frahata sample.

The mathematical relationship that assigns an itgpain
output and imitates the behavior of a -world system
using these relatiohfps usually has nothing to do wi
the real processes running in the system. The ras
details and relationships am®t describecat all. System
is treated as a black box atiis approaclcannot be used
to analyze cause-and-effeaationship in such fuzzy
objects.

Another problem is thatany other factors that are r
observed or controlled may causefluence on the
system’s output, i.e. th&nowledge of observed inp
values does not uniquely specify the out

Problems exist in both groups angassiblesolution is
in unification of these methodologie: Knowledge
discovery from data and in particular data mir
techniques can help researchers aiing the massive
amounts of data and turning information locatedha
data into successful decisions.

3. SELF-ORGANIZING DATA MINING

3.1 Knowledge Discovery from Data

Knowledge Discovery in DatabasesOR) refers to the
overall process of discovering useful knowledgenti
data (Fayyad & Shapiro & Smyth996), and data
mining refers to a particular step this proces (fig. 1).
Data mining (DM) is the application of specifi
algorithms for extracting patterns from ¢, i.e. DM is a
step in the KDD process that consists of applyiatp
analysis and discovery algorithms that product
particular enumerain of patterns (or models) over t
data.
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Figure 1. An overview of KDD proces

The additional steps in the KDD process, such da

preparation, data selection, data cleaning, incaitjmn
of appropriate prior knowledge, and proper intetgiien
of the results of mining are essential tsure that useful
knowledge is derived from the data. Blind applicatof
DM methods (rightly criticized as data dredging in

statistical literature) can be a dangerous activegsily
leading to the discovery of meaningless and inv
patterns.

Preprocessing

N

( Selection




3.2 DataMining Process

There are three main phases in process (Mueller &
Lemke, 2003):

A. Data Selection and Preprocessing - data selection is a
form of domain knowledge. Only a domain expert
formulate the task and figure out what relew
information is available or can be collectetMoreover,
data have to be cleansed, selected and preprocbg:
someone with a good deal dhowledge about th
problem domain under study. Without the guidance
knowledge of a domain expert, these steps
impossible. One approatb automate this step in DM
to execute an automatic sensitivity analysis tretects
which variables should be usdtihas even advantage
becausewhat may look as an outlier sometimes,
deleted from the analyst's viewpoint can actuadiyatkey
data point worth focusing onté&hdard preprocessing a
data representation steps such as scaling, sy
mapping, and normalizationgcessary in sonDM tools
can be automated using rules and core stati
techniques.

B. Choice and Application of DM Algorithms - many

techniques have been developed This set of methods
contains data visualization, tréasd models, artificial

neural networks (ANN), methods of mathemat

statistics and artificial intelligenciThey can be applied
to perform activities like associations, clusterin

classification, modeling, sequential pans, and time
series forecastingn this paper we’ll present a hybr

algorithm, developed for building complmulti-input to

multi-output models.

C. Analysis of Extracted Knowledge - in this phase, the
DM output must be evaluated to figure out if new
useful knowledge of the domaivas discovered. Data &
what DM tools create, store and provide. Informat
(i.e. data in business conteid@)what the business nee
The researchehas to decide the relative importance
the facts generated by DMIgorithms. The extracte
information is valuable to a business only when it le
to actions which create valugr market behavior th:
gives a competitive advantage.

3.3 Group Method of Data Handling

The Group Method of Data Handli (GMDH) is a
heuristic selferganizing modeling method (Madala

Ivakhnenko, 1994). This method is particularly wbef

solving the problem of modeling mu-input to single-
output data. In GMDH-type setfrganizing modeling
algorithms, models are gentd adaptively from data |
the form of networks of active neurons in a repi
generation of populations of competing models

growing complexity, corresponding validation, ¢
selection model until an optimal complex model tt&
not too simple andot too complex have been reali.

The modeling approach grows a -like network out of
data of input and output variables (seed infornmjtia a
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pairwise combination and competitive selection frot
simple single individual (neuron) to a desired |
solution that does not have an overspecialized \beh
(model). In this approach, neither the number afraes
and the number of layers in the network, nor theeial
behavior of each created neuron is predefined.
modeling is sellrganizing becale the number of
neurons, the number of layers, and the actual hehaf/
each created neuron are adjusting during the psoct
self-organization.

It should be noted that sedfganization does not repla
a good domain theory. Inclusion of some -known a
priori information widens the basic scheme of -
organizing modeling by knowledge extraction froma
and scientific theory (fig. 2). However, very ofteelt
organization provides the only way to get any krezge
from a complex system or, to asome new aspects to
existing theoretical fragmen

Data selection Testing
and
preprocessing sét

Task definition

Training
set

Databases

l

Hypothesis generation

Knowledge extraction

Apriori information
Theory

Figure 2: Self-organizing modeling with a prio
informatior
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GMDH is one of the most successful methods
Statistical Learning Network(Mueller & Lemke, 2003),
which have been developed to overcome the con
problems of ANN —ANN are implicit models with ni
explanation component by default, designing A
topology is a trial-anarror process, no rules how to
the theoretical a priori knowledge in ANN desiga.

4. AHYBRID ALGORITHM

Different techniques and gdrithms based on GMD
approach have been developed with thousand
successful implementations since its introductimi 96¢
and new ones come oatmostevery year (Onwubolu,
2008). Herewe’'ll describe a hybrid algorithm design
for synthesizing models ofifBultaneousEquations (SE)
— multi-input to multieutpu. It contains three main
parts:

Part one covers activities in DM phase:

« Using a given data sevariety of hypotheses is
generated,ncluding nonlinear transformations a
taking into accountdate history (entered by
researcher or addedutomaically by computer
program).



e Each competing hypothesis ia hypothesis ¢
entering one additional factor in the tak of
observations (i.e. that this factds potentially
important in the particular model).

e The variety is limited bycriteria “correlation witt
dependent variable”, but can be supplemented
heuristic solutions by the researcher. In all ci
“protection of the variables” is gtenteec

The second part is a multi-stagesselection procedure
(MSSP) of each model equation (fig. 3):
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|
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Figure 3: An overview of the MSS

e Variety of hypotheses is generatbg introducing
new intermediate variables at each stagd a new
generation of intermediate equationsingtion of
two variables),which include indirectly more ar
more complex combinations of initial fact is
created (fig. 4).

e Each generated hypothesis is a potemtplationof
the model, which competes with othéfighting for
survival”.

« At the end ofeach selection stage, there is a ch
of a predaghed number of good equatio(principle
of non-finalized solutions). This givéke researche
a set of alternative good equations.

« Estimation of the coefficientth each intermediat
equation is done using criteria of theear squared
error (MSE). Heregexisting set of data is divide
into two parts: a “teaching” set used for estimg
the coefficients, and a testisgt used for evaluatir
the adequacy of each equatidiCross validation”
principle) and choosing the good ones.

e Chosen equations in a given generation are use
generating new, more complex equatiat the next
stage of the MSSP. From them a praued numbe
is chosen as good ones etc.

¢ MSSP ends when satisfactorgsults are achiev
(minimum MSE for the generatiomeaching the
maximum number of selectiomsd other).

® \;) ® ? f (i@i?)—f— ~ — Tnitial hypotheses.

\/\ \},__ _ _. Generating new, more
plicated hypotheses.

* / A \ ¥ -~} - -~ Generation of new hypotheses
“struggling for existence”.

}._, _ _ Evaluating all hypotheses and
selecting a limited number
of “best” hypotheses
DEOROROXOXOXC ———4— -+ Selected hypotheses. They are
used as initial hypotheses for
the next stage of selection.

—— Next stage of selection.
and so on

Figure 4: One stage of the MS!

« At the end of the second part the full form
selected equations is restoreding anautomated
backward tracking algorithm ancach equation of
the model has a set of alternatigeod” versions.

It should be noted, thah this algorithmstructural and
parametrical identification oéach equatic is done in
one, highly automated procedureedarcher has the
opportunity to apply some a prioknowledge as in
theory-driven methods and thenode identification is
done using the MSSP. In this waygtl the structure of
each equation is identfidl and an estimation of tl
unknown coefficients is done.

The procedure described above is a multilayer GN
algorithm for multitnput to singl-output models
identification. It can be used in many differenses, bu
cannot be directlyapplied for synthesizing comple
models in the form of SE - muliitput to multi-output
models. For this and some other reaswe developed
an additional third part as an iterative procediMietzev
& Marchev, 1988). Here, the equatidnsm the previou:
part are used to synthesizenadel in the form of Sl

» The variety of alternative variants of the mode
generated combininglready chosergood equations
(because of this, similar procedures are ce
combinatorial algorithms).

e Each of the competing hypotheses hypothesis of
the significance of entering given ‘ersion of a
single equation into theystem of S.

» Each generateSE is considered as a potential mc
for the system of interestwhich competes wit
others “fighting for survival”.

» The evaluation of these competing models is d
using a variety of criteria -MSE, coefficient of
determination, MAPE, and others.

e If the results are unsatisfactoafter solving the
structural form of the systerfbiasedvalues of the



5

coefficients, low accuracy of the equations, ettee)
procedure returns to part two.

years. The average MSE for all models is 4.74%thad
coefficient of determination is > 0.9 for most dfetn

e There, researcher can apply some new a priori("’“’erage R= 0.9339).
knowledge and/or add fresh data observations {if an Another example presented in Table 3 shows thdtsesu
available), or change the selection criteria. Then from the same prototype, applied to develop a model
new synthesis of the structural equations is dowie a based business game. The game “National Economy
with so-obtained new set of equations the third par had been used for many years at the Economic Usiiyer
begins again. The iterations end with achieving in Sofia, Bulgaria (Motzev & Marchev, 1984). The
satisfactory results. original version contains a model developed witkotly-
driven methods (multiple regression analysis). Sdata
and set of variables were used to build a new model
using the hybrid algorithm described above.

e The final choice of the “best” model is made by
researcher, who has one final option to apply
additional, qualitative information/knowledge, but
after having the guarantee that a big number of

possible models have been evaluated and the final Table 2: Macroeconomic simulation models

choice is based on a small number of good ones. Year of | Main purpose & Model
design | Accuracy characteristics
5. APPLICATIONS
There are many successful applications of Self- Analysis of the A one-product
Organizing Data Mining Algorithms. Table 1 preseats possibilities for macroeconomic
summary of the basic type algorithms developedaso f 081 automated model | model in the form
Most of them have been used to address existin g1 building in the of 5 SE. Contains 5
problems in simulation modeling. form of SE using | endogenous, 5 lag
MSSP. and 1 exogenous
Table 1: Self-Organizing Data Mining Algorithms Accuracy = 2.7%. | variables
N Software develop- | Aggregated
Variables Parametric One-t . ment for simulation| macroeconomic
parametric experiments with | model in the form
C - Combinatorial - Objective 1985 | SE. Analysis of | of 12 SE. Contains
o (COMBI) Computer different criteria for| 12 endogenous, 5
n - Multilayered Iterative | Clusterization model evaluation | exogenous and 26
t (MIA) (OCC); & selection. lag variables with
i - Objective System - "Pointing Accuracy = 2.0%. | lag of up to 3 years
n Analysis (OSA) Finger" (PF) Improving MSSP | Complex macro-
u - Harmonical cIust(_arlza'tlon for synthesis of a | economic model of
o - Two-level (ARIMAD) | algorithm; big number of SE. | 39 SE, with 39
u - Multiplicative-Additive | - Analogues 1987 Simulation and endogenous, 7
S (MAA) Complexing prediction of the | exogenous and 82
- Based on main macro- lag variables with aj
, : economic indexes.| time lag of upto 5
D|s§:ete - Harmonical _I\r/lrl]Jét(;I?y;[ed Accuracy < 1%. years.
: Rediscretization ory
binary Statistical
Decisions The brief comparison shows that the new version has

much better accuracy (almost 7 times smaller aeerag

The first working prototype of the algorithm desedl ~ MSE) and thus provide more reliable base for
above was used to develop a series of macroeconomigimulations and further analysis of the systenntérest.
simulation models of the Bulgarian economy (Mot&ev  Increasing model accuracy provides many other litsnef
Marchev, 1985 & 1991). As one can see from Table 2,For example it helps researcher to analyze moreigaly
which presents the summary of model's charactesisti the problem, which leads to its deeper and better
the accuracy of the most complex model, contairfig understanding. Also, a model with high accuracyl wil
equations and more than a hundred variables, withhe  generate better predictions and support manageksgia
lag of up to 5 years, is very high — average memaied  better decisions etc.

error (MSE) < 1%.

It is worth noting that the algorithm was used aiso
time-series analysis to build autoregressive mofel24
macroeconomic variables with a time lag of up to 5



Table 3: Business gameNational Econonmy”

Original Version
A one-product macro-

New Version
A one-product

as a system of five SE. model with the
Contains five endogenous,| same structure.
one exogenous, and five lagContains same set
variables. of variables.
Indirect OLS used to Model synthesized
estimate unknown using the hybrid
coefficients in equations. | algorithm.

Model accuracy - mean Model accuracy
squared error (MSE) = 14% MSE = 2.7%

6. CONCLUSIONS

This paper presents a new perspective in simulsitéoml
model-based business games — using a hybrid digorit
of MSSP for synthesizing the “best” model. The
proposed approach provides opportunities for shate
time, and reducing the cost and the efforts in rhode
building. Also, the results show that it is abled&velop
even complex models reliably with low overall error
rates.

One element in this approach that needs furthelysisa

is how to split existing set of data into two pafts a
teaching set used for estimating the coefficieatsy a
testing set used for evaluating the adequacy oh eac
equation. The so called “Cross validation” prineipl
doesn’'t have yet one optimal strategy and sometimes
requires additional experiments to clarify whatsture

in data set should be used.

Another future improvement to be made is to updiage
software, which had been designed for mainframes an
mini computers (Motzev & Marchev, 1989). In this
regard a good solution is the KnowledgeMiner pragra
(Mueller & Lemke, 2003), one of the leading softear
platforms in self-organizing data mining.

With this software new models and business gamelsl co
be developed fast and easy. One model-based
management game, which is under construction, is
“Inventory Management” game, designed for studémts
Production & Operations Management class at thdaval
Walla University in College Place, WA.
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