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Abstract: There exists a wide range of simulation systemstwapproach in different manners
and solve only partially the problems of simulatgpecification, interrogation, and steering. As
simulations grow more complex, one may need a fipimavhich the large variety of simulated
problems can be easily described, and softwareesystable to implement the model. .As it is
known simulation generates and consumes a largeuatmaf data. The analysis of these data
which may contain implicit and hidden informationlalways remain a very difficult phase in
the Individual-based Models. As a solution to pimgblematic, the use of data mining techniques
can contribute to the right analysis of the phenoan¢hat develop in these systems. In this
paper the objective is to achieve the investigatbragent-based modeling simulation(IBMS)
and data mining techniques.

Index Terms—Individual-based Modeling(ABMS), datainimg, analysis behaviors,
Development.

. INTRODUCTION

The Individual-based Modeling Simulation(ABMS) hesnfirmed an efficiency in several
technical fields, especially in the socio-econosuences where it creates simulated societies
close to those of reality.

During the energetic evolution of these artificsalcieties the agents involve a large amount of
data. The search in this data is of great impodatac study and analyze phenomena that
develops in these virtual societies. Nevertheldss exploitation of the concealed relationships
and the analysis of emerging behaviors which mayose non-explicit and hidden information
are judged as a difficulty in the multi-agent maadglsimulation.

As a solution to this problematic, the use of dataing techniques can contribute in the right
investigation of these virtual societies. In comon data mining will be used to extract from a
large volume of data knowledge or hidden informatipreviously unknown, potentially useful
and interesting information. The application ofdbeechniques of data mining can uncover
behavioral patterns and therefore non-trivial kremigle from the simulation data. The analysis of
these results allows to correct and to improvedihaity of the simulation study. In spite of the
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investigation of simulation and data mining tecluas is fairly a new area, various researches in
different fields are talking about it.

These studies are related to maintenance of direragines [1], neurosciences [2], higher
education [3], social sciences [4] and others. Teisearch suggests benefits to investigate
knowledge involved in socio-economic simulationingsdata mining methods. This paper is
organized as follows. Section |, reviews the IBMMB). In Section Il, we discuss about data
mining methodology. Section Il that follows ded&s the existing background about data
mining and simulation integration. Our approachhe investigation of simulation process and
data mining techniques is given in Section IV

1. INDIVIDUAL-BASED MODELING SIMULATION

IBMS of socio-economic phenomena is to model differemieties with simulated agents by
placing them in a virtual society simulated viaoanputer to observe their behaviors. Each agent
represents an individual (or an organization) teat perceive and react to events and interact
with other agents existing in the same environme&king into account its beliefs, objectives,
etc.

The IBMS(ABMS) is mainly based on a set of autonamentities called agents. According to
[5] an agent is a computer system having basidally properties: autonomy (the possibility to
operate without the intervention of a human or heoagent, and it has some sort of control over
his actions and its internal state), social abifagent interacts with other agents via an agent
communication language). These actions are knowreadtivity (the ability to perceive the
environment and respond to changes that occur)irantd pro-activity (the possibility to
demonstrate a behavior determined by its goalsratian as reaction according only to its
environment).

These properties are the keystone of agent-bassignsy to model complex phenomena.
However, before developing any multi-agent system important to determine the degree of
reasoning of each agent. Related to [5] therehaez=tmain types of agents: 1) Cognitive agent 2)
Reactive agent 3) Hybrid agent With a simple aretipfined behavior, reactive agent responds
only to a simple environmental stimulus. Sinceaes not have a memory, neither a complete
representation of the environment and other agénis,not able to take account of his past
actions and maintaining its internal state.

Cognitive agent is an intelligent agent that hameessary knowledge base to achieve its tasks
and manage its interactions with other agents laa@mvironment. It has explicit goals and plans
to decide its actions. Hybrid agent combines the pwevious types; it aims both the quick reflex
of the reactive agent and the reflected behaviaroghitive agent. In order to create a system
similar to a human society and to correctly mode $ocio-economic phenomemaylti-agent
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system (MAS) is composed of two architectures ofndg; cognitive and reactive. The system is
illustrated in below figure (a).
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I11 Sensual Data Mining

Normally the data produced by the simulation chiarame the evolution of a given system over
time, so we are talking about time series. In sk we will recover and keep these time series
in a temporal database in order to analyze thengugata mining techniques.

To utilize the hidden relationships and the budddehaviors of this huge amount of temporal
data, the use of data mining techniques (Knowlddigeovery in Database (KDD)) is the best

approach that can be pursued since it represeptsdentification process of hidden and
interesting information.

In other words, it is the discovery and the extoscof knowledge from a large volume of data.
According to [6] the data mining process includes following steps as shown in Fig. (b):

1) Pre-processing: Includes data selection, D#&artihg, Data Transformation, management of
missing values, etc.

2) Data Mining: The heart of the KDD process isldok for patterns structuring the data,
discover the explanatory or predictive data models.

3) Post-processing: Evaluation and interpretatioknowledge extracted.
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Steps involved in Data Mining
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The data mining algorithms are divided in this s&s7)

1) Predictive algorithms (supervised algorithms® &r build predictive models from a database
of tagged data. These models are used to foreeastintagged data.

2) Descriptive algorithms (Unsupervised algorithrbglong to the modeling of knowledge
discovery. This task is descriptive rather thardjmtéve and the goal is to detect trends in the
current data without requiring prior learning.

Different techniques of these algorithms are useshtalyze the simulation data [1], [8]:

1) The association rules: the goal of this meth®da discover correlations (associations)
between the hidden and interesting elements (itémigyge databases. The association rules are
of the form: If antecedent, then consequent.

2) Classification methods: refer to a set of stiaas or heuristic methods that allow the
separation of a set of entities (characterized bgpaesentative attributes) into groups (classes)
and the attribution of new entities in these predbef groups (classes).

The final result is a set of rules used to assegm abservations to one of these classes.

3) The classification methods include Bayesian Meka, Artificial Neural Networks and
decision trees, etc.
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4) Clustering: is considered as an unsupervisedsification method since it allows the
discovering of all database groups (clusters) wagy that maximizes the similarity between
elements of the same group, and minimizes the aiityilbetween elements of different groups.

IV. RELATED WORKS

There is a growing body literature regarding theestigation of data mining techniques and
simulation studies.

The authors in [8] describe how the different daiaing techniques can be used to assist in
analyzing the performance of the predictions ole@iftom the simulation scenarios.

In this work, the authors identified the clusteramya useful technical analysis and appropriate to
analyze the data from the simulation. One of theagrchallenges of simulation studies is to
determine the set of inputs variables to produeetitimal outputs.

The approach proposed in [9] provided the inforama{knowledge) of these variables and the
logical relationships connecting them, using dataimg tools. This information can be used as
the basis of the development and the optimizatidhesimulation scenarios.

The study presented in [10] demonstrated an apbrtet uses the Monte Carlo simulation and
the analysis of gray relationships taking into astdhe fuzzy data. The Monte Carlo simulation
is used as a data mining technique to measurertpact of fuzzy decision trees models (using
categorical data) compared to the decision treecbas continuous models.

The proposed approach is applied to a case stitbyavget of typical commercial data.

In [11], the authors studied the ways in which datiaing techniques could be successfully
applied to the agent-based modeling and simulaioorder to exploit the hidden

relationships and the emerging behaviors. Theyingigished between endogenous and
exogenous application of data mining techniquesloganous modeling aims to use data mining
technigues to improve the performance of agentScgaating in the simulation. On the other
hand, exogenous modeling is primarily focused @nube of data mining techniques to analyze
and reveal interesting trends in the simulatiomltesghat could help to better model the system
behavior

To develop and maintain the parameters of the astithcosts, a methodology for the life cycle
cost was developed in [1]. Authors combined simoiatand data mining to help decision
makers of the US Department of Defense to takesoew related to the aircraft engine
maintenance.

The proposed approach in [12] is based on a dyndmowledge extraction model that
identifies the relevant inputs of the simulatiord aliscovers the impact of their relationship on
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the system performance. This model also allowsube of information learned during the
optimization process due to separate good from dmdtions, ensure that only promising
solutions should be evaluated in future iterations.

In [3] the authors proposed an intelligent framdwibased on the integration of simulation and
data mining techniques where the outputs of theilsition are transferred to a data warehouse
using the steps of the ETL (Extract, Transform, andd). This data warehouse can produce:
different data stores, multidirectional cubes on@e aggregate data. The data mining techniques
are applied intelligently on these data sets tdifaie the extraction of relevant information and
knowledge from this huge amount of data. The pregdseamework has been validated through
two case studies, the first one on car market ddnsamulation, and the second one was
presented in order to demonstrate how to apply eheténg and simulation to ensure quality in
higher education.

In the neurosciences data integration is a veffycdlf phase, because it is necessary to organize
a large amount of data around some functional hgs&s. On the other hand, it is often noted
that the simulation provides explicit hypotheses doparticular system, so it can provide an
organizational orientation which can be exploitedarm important hypotheses [2].

In this study the authors have developed a neguary system (NQS) in the NEURON
simulator by providing: a system of relational detse, a research function and data mining
tools. NQS is used in the simulation to managetroband evaluate the model parameters.

More importantly, it is used to extract knowledgenh the simulation data in order to compare
them with neurophysiology. The data mining techesjare also applied to simulation based
multi-objective optimization [13], this work invegates the ways of extracting knowledge from
the simulation, in order to obtain information campport decision makers to take the right
decisions in order to optimize the manufacturingcpss.

In [14] the authors presented an overview of beclional integration of Data Mining (DM) and
the agent-based modeling and simulation (ABMS) ljappon of DM in ABMS / application of
ABMS in DM]. This study proposes a conceptual framek and a presentation of the
advantages that can be provided by this integration

In [4] a methodological approach for multi agentsdeling and simulation using data mining
techniques was presented. The authors proposedtemsive use of these techniques of data
mining to improve and develop agent-based models.

Such use is illustrated by a study of a mental émteunderstanding the evolution of several
factors in Spanish society from 1980 to 2000, fowy®n social values, especially religious and
ideological values.
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Comprehension of the correlation between inputh @tputs parameters of the simulation is
critical to correctly analyze the behavior of th@wglated system

[15]. In this paper, an approach that combinesuikition and data mining techniques has been
proposed. The authors found firstly the relatiopshand the correlation between the input and
output parameters, then they added some additiofoamation to the outputs using data mining
techniques, such information will be used latecl&ssify the results of the simulation.

In [16] a methodology based on the integration logtering techniques in the design of multi-
agent simulation. To use the observation of realdwagents to model simulated agents this
approach was proposed.

It has been implemented experimentally on a singalee study involving the simulation of
human activities in a university building lobby.

V. PROPOSED APPROACH

Simulation can produce a huge amount of data Aetslyzing and exploiting such data sets is
considered as a very difficult challenge for siniola studies. In conjunction data mining
techniques are credible tools that extract fronargd data, sets of knowledge, relationships,
anomalies, etc. Our approach aims to investigadBMS(ABMS) and data mining techniques
as shown in Fig.

(c)
Sensual ::> Data Mining Techniques
Database
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As a first step of our proposed approach, simutatiata are collected and stored in a temporal
database in order to facilitate the task of dataimgi techniques which will be applied later on
these stored data. Our temporal database reprdberttgstory of each agent (perception, action,
interaction, etc.) as well as all changes of staterir system, as illustrated in Fig. d.
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Our model is based primarily on the creation ofaatificial agent The role of this latter is to
recover the simulation trace by collecting the dgaerated during the simulation as well as its
results.

nput Analysis

The analysis of outputs simulation, whereas thdityuzf inputs data affects the outputs quality.
In this paper we will work on the inputs and theputs of the simulation. Hence, two databases
are manipulated; the first one is used to saveotignal data (inputs) and the second will be
generated during the progress of simulation as showig. e

(e)

Input Output
Simulation
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Data collected for simulation is often susceptibl®e noisy, incomplete, inconsistent, corrupted,
inaccurate, etc. To assure the quality of data emasequently, of our simulation study, raw data
will be prepared by applying the following methadsillustrated in Fig. 6:

1) Data cleaning.

2) Missing data management.
3) Data transformation.

4) Data selection.

The key step to get desired results of this preémer@rocess is data cleaning, where it represents
the process of detecting and correcting or remowirgyrors in datasets.

Missing data is a major problem in socio-econoraiersces. This absence of information affects
the efficiency of data analysis methods. Therefare,will create management that assures the
handling of missing data without losing the powkowr original data.

For a good mining we will transform or consolidader data into an appropriate form by
performing normalization and aggregation operatiorthe last step of this preparatory process,
target datasets and relevant data to the analgsls dre retrieved from database. After the
application of these methods on our raw data, Weobtain a database prepared and ready to be
used by the simulation process.[17]

- Raw data L.
Data Missing data
' cleaning ' management

Prepared data

- Data
Data selection .
transformation
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VI. CONCLUSION AND PERSPECTIVES

In this paper we have stated out the examinatiodatd mining techniques and the Individual
based modeling and simulation of socio-economenpimenon. Besides, it has been reviewed
how IBSM(ABMS) can benefit from analysis methods deal with its open problems,
represented mainly in the enormous amount of usddganerated data. Moreover, the analysis
of such huge quantity of data is a big problem twaitinues to plague simulation studies.

Data mining provides powerful techniques that canubed to tackle this problem. This paper
presents an approach based on the collector ag@stagent is responsible for simulation data
collection.

Also, we proposed a process of input and outpw dahdling.

As a future work, we plan, on the one hand, to enmnt this approach in a multi agent
modeling and simulation environment, and, on theeohand, to integrate our collector agent in
this environment.
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