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Abstract—In this paper we propose a concept of Ontological ~ In addition not only business people need technological
Learning Assistant (OLA)—an ontology-based KDD Support  assistance during the KDD process. The proliferation ofDat
Environment (KDDSE) platform for carrying out knowledge  \ining algorithms, new research on their exploitation and

discovery. The concept is based on the critical analysis of . . .
our state-of-the-art study in intelligent KDD support util izing the no free lunch theorerfor machine learning introduced

ontologies. We emphasize the fundamental role of knowledge By [3], claiming that no algorithm is always better than
transfer and domain and technology experts cooperation. OR's  other, makes it impossible even for a Data Mining expert
main goal is to provide means of their mutual understanding to possess all the available knowledge. KDD is a relatively
and leverage the domain and technology knowledge by the Useyoung field of research and yet little has been done to

of ontologies. .
Index Terms—Knowledge Discovery, Data Mining, Ontologies, support the analyst in the overall process. Although sev-

Case Based Reasoning, Meta-Learning eral methodologies for carrying out KDD processes have
been introduced (e.g., CRISP-DM [4], Virtuous Cycle of
. INTRODUCTION Data Mining [5]) they provide onlywhat guidelines without

CCORDING to an IDC report the digital universe willany detailed suggestiomow. Commercial Data Mining soft-

grow 10 times between 2006 and 2011 [2]. Enterpriseware provides only tools for specialized tasks, which make
information systems are already flooded by raw data th&tme hard assumptions about the level of users’ qualifica-
constantly grow in size. Companies strive after extractirtgpns [6].
meaningful information from their data and turning it into Conversely not only technology experts need assistance in
knowledge that will help them remain competitive on thenderstanding business issues. There is an immense anfount o
market. Information and knowledge are valued as keéyowledge in enterprises concerning business undersigndi
resources in today's world. Hence much attention has be@formation systems, Corporate Data Model (CDM), business
given to Business IntelligencgBl) in the last decade. Bl rules, strategic goals, organization structure, infrastme,
solutions have rapidly changed from a novel technologycit knowledge, etc. that may be crucial during the KDD
used only by the most innovative companies into an industpyocess. It is also almost impossible to find one businessrexp
standard. Thus more and more attention is given lately possessing all the required knowledge.
the most promising and advanced aspect of Bl—Knowledgegijven the above mentioned issues, we identify key high-

Discovery and Data Mining (KDD). level obstacles and difficulties in Knowledge Discovery and
The challenges that a data analyst faces today are quifgta Mining processes as follows:

dichotomous. On the one hand he or she needs to possess , L

an expert domain knowledge. On the other hand one hag Pusiness and technology experts communication,

to be capable of using highly specialized techniques includ * incorporation of structured corporate knowledge into the

ing statistics, information theory, machine learning,athatse process, ) i

technology, information systems, etc. It is quite uncommon ® incorporation of structured KDD domain knowledge into

to find a person of all these characteristics, thus a typical € Process.

KDD process requires cooperation of so called businessl@eop We claim that these problems may be addressed by creating

and technology experts. Such an approach suffers from a kayintelligent software platform. We propose to use ontigleg

vulnerability that business and IT people tend to speaklytteas a knowledge model and multiple reasoning techniques for

different languages. Effectively turning business regmients providing effective assistance for all kinds of actors iweal in

into technological solution seems to be the crucial aspkeat othe process. We propose the concept of Ontological Learning

successful knowledge discovery. Assistant (OLA) by exploiting and developing the current
1KDD is an abbreviation of Knowledge Discovery in Databadesyever res.earCh in an ontology-based .KDD' As Stat.ed in [7], we

due to its wide interpretation, in this paper we will referittoas to the whole believe that the more knowledge is hard-coded in the soéwar

concept of Knowledge Discovery and Data Mining as introdubg [1]. the more new knowledge can be discovered by human. Further
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enriching software with the discovered knowledge leads tot@ empower novice data miners with easy-to-use technology

feedback for constant knowledge discovery. for integrating and preparing data for modeling. A highelev
The rest of this paper is organized as follows. Section representation of the domain knowledge (ontology) and the

presents the state-of-the-art in ontology-based KDD. lo- Seprocess provides means for its further reuse and adaption

tion 3 we provide OLA platform motivation. Section 4 givedor similar cases [14], [15]. [16] introduce Global Leargin

an overview of key requirements. Section 5 describes tBystem (GLS) which uses an ontology to organize a society of

OLA platform architecture and its key modules functionalit agents in order to dynamically compose valid KDD processes

In Section 6 we give an overview of the knowledge modelith the top-down approach.

Section 7 presents the implementation framework. In Se&io Metal® project aids the induction algorithm selection. It

we verify OLA against a real-world Data Mining scenario. Irestimates the ranking of learning algorithms (like [12] hwit

Section 9 we summarize and conclude our research. performance metrics of accuracy and speed) based on their
performance on data sets with similar characteristicseamtie
Il. RELATED WORK being analyzed. The concept of using learning on the meta-

Recently there have been several projects and resedeel (Meta-Learning) in KDD is broadly described by [17].
studies concerning ontology (knowledge) based KDD. [8] in- Below we describe how OLA exploits and develops some
troduce an ontology to represent key concepts of Data Minin@gf the concepts introduced in the mentioned research.

Their work aims at supporting the development of distridute
KDD applications on the Grid. [9] present Data Mining as an
iterative process of interaction between the domain kndgge  Our work was initially inspired by the well known problem
and the knowledge acquired during the process. They dédineaf business and IT specialists cooperation in enterprikes.

the role of knowledge in each phase of KDD. [10] are usingsue becomes most visible in cases of highly demanding
ontologies to intelligently acquire knowledge about theadat domain of KDD where their close collaboration is essential.
and its attributes and construct potentially intereste@fdres. Our research aims to deliver a framework for modeling KDD
A framework O-SS-E (Ontology—Search and Sampling—processes by interactive cooperation of domain and teokygol
Epistemology) is introduced by [11]. It proposes a framdwolexperts. Domain experts benefit from using OLA by working
for a coherent KDD methodology based on linked ontologiés a user friendly environment that allows them to focus
of data and models, andEheory of Knowledgéor KDD. on their business goal without bothering with gory techhica

[12] proposed an Intelligent Discovery Electronic Assista details. Technical users benefit by having business require
(IDEA) for valid Data Mining process (i.e. phases of prements modeled in a comprehensible way, profiled for their
processing the data, choosing induction algorithm and-poperception. Both types of users take advantage of inteilige
processing) enumeration and ranking based on an ontologiassistance and real-time advice given by OLA.
knowledge model. The model provides information on input,

I1l. OLA M OTIVATION AND ASSUMPTIONS

output, constraints and heuristic performance metrics ( CORPOTATE KNOWLEDGE MODEL Accounting

speed, accuracy and comprehensibility) of particular aijoes. o * . Jvolce  Name  Sumame .. Tota

Another intelligent knowledge discovery assistant (DM iass o e '.-. ad N\ 2008 o Smitr .. 5283

tant) is introduced by [6]. Authors use ontologies for thgHhi \ .: e Fm:méz.y“,m . ==

level knowledge representation of the CRISP-DM method | ,* = ~o's A Promot.  Namo | Sumame || Ro1

ogy and the detailed Data Mining knowledge representat mm:,w ‘/'\ J ese Clom dom smin . sus

in the form of rules and concepts. They also exploit the Ca | ——— M,,:e:ng‘,,:m,n A s P P i

Based reasoning (CBR) paradigm to provide users with an . oo - Database maintenance

telligent advice based on the modeled knowledge and prsvi o PR ﬁ\. i S S F— =

KDD applications. A similar approach was presented earl o v i Seaeis SN

by [13], who emphasized the role of knowledge and experier | ., . .. ouawosei ontoioay Cicay User

(captured in the CRISP-DM process) in a Data Mining proje JElasines \

A concept of Experience Factory was proposed with the (= CORPORATE lhcbairedata

of the CBR methodology. P = =)
Flat files, XLS, ion Systems,

ADMIRE? is an ontology-based KDD research. It il | Damwashouse oure yGCRilSic know:How, s
provide a coherent, user-friendly technology for knowlkedg Fig. 1. Ontologies as means of modeling profiled information
extraction. It presents a holistic approach and is to delive
support in integrating data from distributed and heteregeis  As the metadata model for our platform we chose on-
resources and provides an abstract model of Data Mining aotbgies. As stated by [18hn ontology is a specification
integration. of a conceptualizationThey provide means for describing
The MiningMart project exploits the domain knowledge andoncepts and their relations. Ontologies are a recognizsd w
a case base of previously composed data preprocessingchtirrepresent knowledge for information systems. They can be

2http://www.admire-project.eu/ Shttp:/iwww.metal-kdd.org/
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integrated among different domains and are commonly use
multiple reasoning engines for implicit knowledge discgve
Although ontologies suffer from vulnerability in terms dfart

needed to model new knowledge we know of no better solu
for our platform. One of the main objectives of our resea
is to provide an environment that will efficiently promao
the collaboration of domain and technology experts. By
use of ontologies different users may view the system

its metadata in a profiled way suitable for their percepti

‘ .
Specialized i \
IR
For example, as shown in figure 1, the same amoun

money may be interpreted in several ways, depending or Instances D 40

perspective. For an accountant it may be income, for manfe .
department a return on investment from a promotion and for Fig. 3. Four level breakdown of the CRISP-DM methodology: [4]
an IT specialist a field of currency type in a database.

- - e

=2 =2 Indicators (KPI), previous analyses and their results,adep

oute "s..'t."mwmﬂ" ﬁ ) ments, data sources etc. Using ontological semantics illow
putd for providing all the information related to the data sedeict

for analysis and may result in new valuable insights.
Few enterprises publish their successful applications of
DD as such knowledge is invaluable. Thus there is little
stematic knowledge of how to perform successful KDD.
herefore structuring the knowledge about previous itz

Fig. 2. KDD process model according to CRISP-DM and [1].

In order to support KDD a reference model of the pro'—<
cess is needed. There are several methodologies for agurr

t a KDD , although CRISP-BMained th t : ) -
out a process, aithotg \paine © mos éind using the CBR paradigm for aiding the new process

ition i ientifi h and in the industry. It d . .
recogniion 1n SCISATNE research anc n e MusTy Qation may solve this problem [13], [6]. Our platform take

composes the process into six phases (figure 2): (1) Busingg : ¢ that h H tati
understanding, (2) Data understanding, (3) Data Prepalr,atia vantage of that approach. However our case representatio

(4) Modeling, (5) Evaluation and (6) Deployment. Each pha 5 not limited to the V\(hole KDD project. We distinguished i'.[s
is further decomposed into generic tasks and generic ta eral levels according to the CRISP-DM breakdown. During

into specialized tasks as shown in figure 3. Each task ¢ pracess of KDD, depending on its current phase and task,

described with the output that should be produced and acti per will be provided with similar cases from previous potie
ties that shall be taken. Although CRISP-DM doesn't provia%

n all the relevant levels.
much information abouhow to perform each step, it gives Issues such as handling outliers, cleaning the data, featur
detailed guidance ofvhat should be done. Hence to guid

eselection, choosing algorithm parameters, etc. are wel re
the user through the KDD process and collect documentati@@”

t

cp%(kw—

ized and described in the literature. There are so many

about taken actions we incorporated a CRISP-DM referen@a?ects In this field of knowledge that even a Data Mining

model into our platform (as an ontology). Such solution igxpert may not be familiar with all of them. OLA provides

similar to [13] and the ADMIRE project. As opposed tf rule-based advice generation exploiting the KDD domain

CRISP-DM, which approaches KDD as a project, the othkpowledge and information about current user actions. It

methodology—The Virtuous Cycle of Data Mining present@SSiSts the user with a technical advice relevant to hiseourr

a business process-like approach. We enriched a crigstivities and information about the data that he or she is

DM-based model with chosen guidelines from the alternati\?tgting upon. A simillz-;\r approach.was_introduce_d by [6]. OLA
methodology. extends the capabilities of the intelligent advice by dynam

The role of domain knowledge is essential in a KD['BcaIIy composing, ranking and presenting to the user poten-

project [9]. Although the role of a domain expert is Widel)}'a”y interesting processes that may be applied to the.data

recognized little has been done yet to support him or henguriEaCh.tﬁrocesg’ COI’:SIStS of Qata tpreproct(ejsr?lngtsteps, '%gll.mt'
the KDD process. No expert will possess all the relevafil‘{gorI m and post-processing steps, and has the possuli

corporate knowledge or may overlook some important thou Hsto(;mzatlonDar;d &gtqmatlc terecutlon. A related dagpr,szch
not so obvious issues. In order to fill this gap and provi gsed on a Data Mining ontology, was proposed by [12]

domain specialist with efficient assistance our platform | ur platform exploits similar _m_echamsms ff)r composing
ontologically modeling the Corporate Data McdéCDM) processes, however our Data Mining Ontology is differeag(s
.Section 6).

and binds its elemerftgo the relevant business rules, busi- Th iol licati f OLA platf
ness processes, projects, strategic initiatives, KeyoReagnce ere are many possibie applications for an piatiorm.
It may be used as a KDDSE regardless of the application
4CRoss-Industry Standard Process for Data Mining domam.l As |t_suppprts the stgndard KDD process model it can
5also referred to as Enterprise Data Model (EDM) be applied either in enterprises as a component of Industry
Spy exploiting the power of ontologies Information Management Systems or in scientific research.
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Another application may be using OLA as a learning platform During the Data Preparation Modeling and Evaluation
for teaching KDD. phases the domain expert is supported by the platform which
The domain expert interacts with OLA by first defining thgenerates and ranks valid KDD processes basing on user
business problem and by choosing the data (from the profilegtjuirements and goals. OLA allows the user to choose devera
conceptual model). The user is further guided through tipgocesses and automatically carry them out. It assistsgte u
KDD process steps, according to the CRISP-DM referenge documenting their results evaluation. Technology eixper
model. In each step, all the technical details are hiddee. Tanalyzes the created process and optimizes it. He or she is
most technical phases of KDD—data preprocessing, inductisupported by the real-time technical advice generated from
algorithm and post-processing are handled by Ititelligent KDD domain knowledge base, relevant to current actions. The
Composerwhich lets the user choose among suggested puser is also capable of exploring similar tasks from presiou
cesses and evaluate their results. By results evaluatien KDD initiatives. The generated process is once again etedua
domain expert models business requirements. The procbgghe domain expert and ready for automatic deployment.
model is further passed to the KDD expert. KDD expert may As OLA is a Knowledge Discovery and Data Mining
optimize the process by using the understanding of busin&igpport Environmenknowledgeaffects each and every aspect
requirements explicitly and implicitly stored in the modelof its design. All the available knowledge is modeled eiic
Knowing the domain expert's actions and different resulwithout any implicit and tacit assumptions. This approach
evaluation, the KDD expert may gain valuable insight inteefers mostly to the architecture and data (knowledge) tsode

the nature and objectives of the problem at hand. used by OLA. As OLA is also easily extensible by straightfor-
ward incorporation of new knowledge, the knowledge model
IV. OLA REQUIREMENTSOVERVIEW provides a means for simple integration.

OLA is designed to be an easy-to-use technology. Tools that
We identified the crucial role of both domain and teChnObrovide Simp|e interfacesy referring to the user’s |nuntga|n
ogy experts. Hence the main focus in OLAs requirementfe most recognition. This requirement mainly affects teeru
specification was to maximally leverage their knowledge angkerface design however architectural issues, such awusi

proficiency by using all available resources. Next we predenyeh technology (thin client) are also important.
the key objectives and criteria for our platform definition.

The support provided for both kind of actors should be
balanced as their role is equally important. We identified tw This section provides an overview of the conceptual OLA
high-level kinds of actors: domain experts and technologychitecture with each module functionality descriptibliigh-
experts. These are further decomposed into more specific olgyel architecture is presented in figure 4.

(i.e. database expert, modeling expert) in order to progide
more profiled support.

The approach of our research is holistic as we assu| vy v

V. SYSTEM ARCHITECTURE

Process Resources Engine

> - Process & Data

to deliver an end-to-end support for the KDD process frc a =" —
business requirements definition to the model deploymédra. = || Metadats e ——— s
aim of OLA is to assist the user in a profiled manner on ec b u o H -
step of the process. Each user action is assisted, wherev [ — ‘ =5
is possible. The support takes all possible form, from SEM| | gucines cese | (ERIERE o0 Process Y
contextual help to intelligent advice. Following we deberi [, " j feerer - (Semessery | Aavier oM Operstors
how OLA supports users in each phase of KDD process. -

During theBusiness Understandirnghase the platform lets iy, oo Resources } i
the user document the business objectives, the Data Mir A v e o s
goals, project plan and the situation. It checks if thereangaty oes. Cusesase Knowisdoe IS N\ = el
previous projects with similar characteristics. While dief)) | nowieage P ontolosy” ey
the inventory of resources and terminology OLA assists 1 t ;
user by using th&orporate Data Model Ontologgnd other Fig. 4. Platform’s conceptual architecture.

domain ontologies to provide complete insight into releévan
resources. In theData Understandingphase the platform Platform Resourceare a group of modules that are consti-
aids collection of initial data by providing a profiled viewtuting the knowledge base of the systeBusiness Knowledge
of the CDM. OLA supports the user with all the relevanis an ontological model of the corporate knowledge contajni
domain information (business rules, processes, etc.)ntlagt business domain ontologies bound to tBerporate Data
be valuable. It also allows to semi-automatically desctliee Model Ontology Case Baseconsists of previous knowledge
data and verify its quality by assessing its charactessticd discovery initiatives. Each case is tagged with detailed in
domain description. formation about the meta-characteristics of the process an
its steps—all in conformity with the CRISP-DM model. The
7all the domain expert actions information gathered during the process creation is stared
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the Case Baseand processes are available for reuk®D allows users to be provided with profiled information about
Domain Knowledgés a set of rules similar to those proposethe data as shown in figure 1. It is also responsible for
by [6]. Data Mining Ontology holds the taxonomies for profiling the workspace by hiding technical details from the
Data Mining domain and particular operators’ charactiesst non-technical userd?rocess Composeprovides means and
CRISP-DM Ontologymodels the KDD process according tdnterface for composing KDD processes. Process is modeled
the CRISP-DM process breakdown. We further elaborate an a directed graph of atomic steps (operators) with acdditio
both ontologies in section 6. meta-information characterizing the process (e.g. bgsine
Process Resourcentain the metadata of the process thaoals, project description, involved people and their sple
is being modeledMetadatarepresents the characteristics oMain components of the process are operators composing
the data chosen for analysis. Apart from information abothe workflow from the source data to the model execution
attribute types, relations, data source locations, cdiores; results. In addition other information about e.g. undextak
etc. it contains statistical characteristics of the datmhsas visual data analysis and their results evaluation is kepphén
minimum, maximum, mean, median, standard deviation, efirocess model as a source of potentially valuable infolomati
for numeric attributes and number of classes, most frequétrbcess Composareates the metamodel of the process. The
class, class distribution, etc. for nominal on@srrent Process metamodel is interpreted by thBrocess Compilerwhich
Metadatarepresents the process in terms of BRISP-DM produces the executable code for the process. This appi®ach
Ontology analogous to the one proposed by [14]. As executable modules
Advisorsare a set of tools used for intelligently aiding thd’rocess Compileill use DM Operators They are a set of
user.Business Advisoprovides user with information aboutatomic operations modeled in tlizata Mining Ontology
the relevant business knowledge. Based on the selectedltata
the potentially important information is presented, relyag
relevant business rules, business processes, projeategit A- Data Mining Ontology
initiatives, Key Performance Indicators, etc. The infotima There were several ontologies proposed for the Data Min-
is extracted by the use @&usiness Ontologiesnd Corporate ing domain [12], [8]. The most complete seems to be the
Data Model Ontology Case Reasoneallows for search for one proposed by [8], however it was created to support
similar cases from previous KDD initiatives. Our approachrid programming and not to support KDD process creation.
allows user to select key aspects by which processes #r@rovides taxonomies and axioms for Data Mining tasks,
compared (with the use of k-NN algorithm). In addition tanethods, algorithms and software. It does not distinguh n
dynamic comparison criteria definition OLA allows users tprovide concepts of preprocessing, induction algorithrd an
search for similar cases on different levels of the CRISP-Dibst-processing what the ontology proposed by [12] does.
process breakdown. Although two cases may be different théithough a typical Data Mining process model [1] defines
specific tasks may be similar. For example handling outlietise flow of main three consecutive phases of KDD as (1)
in a nominal attribute with akin characteristics to the ohe @reprocessing, (2) induction algorithm, (3) post-protesk is
hand may bring valuable advice, although the cases may diftéfficult to provide a structured model of the process. Tapic
completely. a preprocessing task may be to use a clustering algorithm in
Intelligent Composerenumerates and ranks valid Datarder to derive a new attribute and replace several othéritvit
Mining processes basing on the Data Mining Ontology and reduce the overall number of attributes. Such a task regui
each operator’s task, its input and output requirements aitgl own preprocessing of the data and may be treated as an
constraints. Processes are ranked by the evaluation on éhgbedded KDD process. By analogy post-processing the data
subset of the data being analyzed. Created processes dye regay require to use decision tree induction algorithm in otde
for execution. Such a concept was proposed by [12]. Domarplain the results of some clustering that has been peerm
experts contribute from this approach by choosing the bestOur Data Mining Ontologycombines the above mentioned
process and then evaluating the results. Technical useys rapproaches by introducing preprocessing, induction arstt po
then optimize the overall process. They may gain much insigbrocessing into the redesigned taxonomy of [8]. We also use
into business requirements by interpreting the businesssusconcepts ofTask, Method, Algorithnand Operator Task is
evaluation of achieved result&DD Process Advisosupports the high-level type of activity that is going to be undertake
users with technical advice, based on the rules fi{BD Methodrepresents the technique with which the task is per-
Domain Knowledgeomponent. Knowing the current proces$ormed. Algorithm defines particular procedure by which the
phase and the data characteristics the KDD Process Advi3ask is performed, using the giveMethod Operator is a
will assist user with suggestions generated by the undwylyisoftware implementation of the algorithm used by OLA. For
rules. For example, given the two class classification taslch concepttaxonomy we defined an additional layer digidin
and class proportion 98:2 the underlying rule may suggesach concept into three sub-concepts which are respactivel
weighted sub-sampling to reduce the class imbalance. Thigprocessing, induction, post-processing. Hencddskcon-
approach was proposed by [6]. cept we defined sub-concepts Bfeprocessing Task, Induc-
Engineconsists of several modules responsible for processn Task, Post-processing Tasfor Method-Preprocessing
creation and executionProcess & Data View Generator Method, Induction Method, Post-processing Methartl so

VI. KNOWLEDGE MODEL
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Task

Preprocessing Induction Post-processing
Task Task Task

Dimensionality o " Representation
Reduction it Change

Visualization Clustering Prunning
Anomalies Association Thresholding

Detection

Attribute

Transformation Regression

Feature
Creation

Fig. 5. Data Mining Ontology Task Taxonomy.
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T Generic CRISP-DM Ontology

NenPhasei i NextTask i ReferesTo y
Generic ___Has, Generic ___ Has, Generic _Require Generic ___Has_ 5
Phase Task Task Gutpd®™  Output i Activity Advic> ~ Advice
APrevihase A Prevfrask i A IsCldsely
"""""""" i..RelatedTo :
i Nextifhase y | Nextask y | RefefesTo Y
Process Has, =~ Process  _Has Process  Requirgg ~ Process
Phase Task Task Guipa®™  Output Activity
i A : IsClosely :
£ PreyBhase | s A oty |
Incldes DM Ontology
: IsCamedOutBy§
KDD Process I Operator ~ <@--------ooeooeee !
HasConext
\J

... Has o Application
DM Context - rcope ‘Domain

RelafesTo '------- Includes ..

v
DM Problem Technical
Type Aspect

Fig. 7. A high-level fragment of the CRISP-DM Ontology.

Mapping the generic KDD process model to the specialized
one is carried out in a specifi€ontext The Application

on. The taxonomy foffaskis presented in figure 5. A more Domainrefers to the business area in which the process takes

detailed taxonomies description may be found in [19].
figure 6 is a part of oubData Mining Ontology It shows the
relations between concepts from different taxonomies #ri
extended (highlighted layer) concept proposed by [8].

Task Method Algorithm Operator

Preprocessing 4Speciﬁes Preprocessing <Exp!oits
k Task

Tasl Method Method Algorithm ‘Algori(hm Operator
A PerformsTask

Dimensionality Dimensionality

- " Dimensionality i
D'K‘::;L‘:I'::"V 45"%5'{:93 Reduction < 3‘&'&?? Reduction Jix{’g'i:‘;’r:s Reduction
Method Algorithm Operator
A PerformsTask
” Principle
Feature Exploits plements PCA
Selection ™ Method Component <o rithm Operator

Analysis (PCA)

Fig. 6. A part of the Data Mining Ontology (based on [8] model)

B. CRISP-DM Ontology

Iplace (e.g. churn prediction in telecommunication or menke
campaign response modeling). Thata Mining problem type
defines the objectives of the knowledge discovery. Accardin
to the CRISP-DM it may beDescription and Summarization
SegmentationConcept DescriptionClassification Prediction
and Dependency Analysidt is in a way similar to theTask
concept introduced in the Data Mining Ontology. However
it approaches the problem from the business site as the
Taskconcept is more technique-specific. Thechnical Aspect
concept refers to technical issues (i.e. missing valudtieos)
that are strongly related to OLA's operators.

VIl. | MPLEMENTATION

The process of OLA development was designed with an in-
cremental integration approach. Implementation invothese
phases, each improving the platform in two dimensions: by
providing new functionality (i.e. adding new modules) and b

CRISP-DM Ontology is based on the CRISP-DM referenddvancing current functionality (i.e. integrating new dom
model and the user guide [4] and serves two main purposes®Hologies).
the OLA platform. It holds the reference model for the KDD « The first phase provides basic frameworks for the most

process (see Generic CRISP-DM Ontology in figure 7). It

is important components and the data model. It delivers

also used as a metamodel for the processes modeled on the partial functionality ofAdvisorsand Enginemodules and

platform. Figure 7 represents only a small part of the omgplo
More detailed taxonomies may be found in [19].
Concepts ofGeneric Phasend specializedProcess Phase

covers: the web application and user interface frame-
work, domain ontology to data source mapping mod-
ule, Intelligent Composeframework, data model (Data

refer to one of the six phases of the KDD process model Mining Ontology, CRISP-DM Ontology and an exam-
defined by CRISP-DM methodology (see Section 3). Because ple business domain ontologylProcess & Data View
KDD is highly iterative process CRISP-DM only suggests Generator framework, Process Composeand Process
the sequence of phases, although there is no fixed order. Compiler frameworks. Severabperatorsrelevant to the

Therefore theNextPhaseand PrevPahseproperties allow the

classification problems are going to be implemented in

specific process order of phases to be different form themne i  order to verify OLA against such a task after the first

the reference modeGeneric TaskGeneric Output Generic
Activity and Process TaskProcess OutpytProcess Activity

phase.
« The second phase further develops OLA functionality by

refer to concepts of Task, Output and Activity defined by the creatingBusiness AdvispiCase ReasoneKDD Process
CRISP-DM, respectively on the generic and specializedlleve  Advisorframeworks an€Corporate Data Model Ontology
Process Activitymay be carried out by one of the operators  with several associated business ontolog@sse Base

defined in the Data Mining Ontology or by the user.

and rules constituting thkDD Domain KnowledgeNew
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operators will be developed. After the second phas®atabasées. We also plan to use data acquired from mobile
OLA will be verified against real-world practical prob-telecommunication operators. In order to carry out an &ffec
lems from various domains. By exploiting a previoushurn analysis, data from multiple Business Support System
research [20] we will use OLA in the field of marketing(BSS) need to be collected, integrated and transformed into
information systems in the telecommunication industmeady for modeling form. The most important for churn anal-
(i.e. campaign planning, churn prediction). ysis are CRM and billing systems which store key traffic and
« The third development phase consists of an evaluationntact data about customers or the data warehouse cargtaini
of verification results from the second phase in order the already integrated data. OLA allows business analysts
identify and improve OLA key vulnerabilities. Furtherto search for all the relevant data collections by inputing
research on valid KDD process creation and rankingeywords, e.g. ‘customer’, 'service termination’, 'corait’,
case representation and domain knowledge exploitatimsage’. OLA then searches its business ontologies andn®tu
in KDDSEs will be carried out. OLA will be verified a list of relevant resources. Business analysts may browse
against user experience. the resources while being presented with all the adequate

For a technology platform we chose the JAVA programminigformation from busines_s ontologies. E:g., While_brovgsin_
language and pre-existing libraries. For operators implem the customer data user is presente_d with such qurmaﬂon
tation we chose WEKA For handling ontologies the Jéha @S customer status (e.g. ‘Golden Client), status desoript
framework. For reasoning purposes we use Jena’s interieal r€-g- 'Key strategic customer group’), business rulesi€fs
based engine and Java Expert System Shell—JEBSme- with an average monthly usage over 300 USD in the last 12
work. The application is based on a client-server architect months with no arrears receive a Golden Client status’) and
and uses Internet browser as a client. STRUT®amework Other related information, i.e. strategic initiatives €\keep the

was chosen for handling the web application issues. most profitable groups of our customers satisfied, espgciall
Golden Clients’). According to CRISP-DM model it is support
VIIl. CHURN ANALYSIS USE-CASE for Businessand Data understandinghases.

_ _ After selecting data for analysis users define a way in
In order to verify our platform against a real-world Datgyhich the data should be integrated and transfornizats
Mlnlng scenario we have chosen churn an_aly§|s in telecorﬁ‘r'eparation phase in CRISP-DM). In churn analysis it is
munication industry use-case. Telecommunication was 8M9fformation about each customer, e.g. age, marital stéus,
the first to implement BI, especially in the field Gustomer a4ion and other information about active tariff plans,rage
Relationship Managemen{CRM), nevertheless it exploits gaily and monthly usage per each usage type (i.e. data, SMS,
advanced data analysis in many other applications [21]n€hyyinytes), number of customer service calls, number of esrea
is a process of customers changing their product or serviggmation whether the customer churned and many other
supplier. In recent years churn rate reduction has becofpgyortant attributes. Business analyst may also chooategly
one of the key issues in highly competitive markets whefg, missing values and outliers handling. In the first redeas
customers can easily change suppliers. The most affectedp¥o| A platform the integration and data cleansing phase is
the problem are industries with lots of customers and magyne manually as is not the main concern of our research and
suppliers with s_lmllfar offerings a_n_d low margins like In8OCE a5 already been well covered by MiningMart project[14].
or telecommunication. As acquiring a new customer is muchy,ving the data integrated into the one relation model
more expensive than retaining the current one, being ablg, siness analyst proceeds with Exploratory Data Aiglys
to understand clients b_ehawour,_predlct WhICh are.paiénttEDA)’ which gives him further insight into the data. OLA
churners and react on tlm_e, .prowdes tangible benefits [Zglprovides number of analytical tools, e.g. line, bar and pie
For OLA churn analysis is a valuable use-case as it {§arts, scatter plots, histograms and many other. Durieg th
not only concerned with building the best possible clagpa)ysis user may exclude attributes that he considere-irre
sifier but also with understanding the phenomenon itselfan e g. strongly correlated ones. Each user action igdto
Hence semantics and context become extremely important ¢ A process model. Each time business analysts discover
they are a key aspect of OLA architecture.We are going {mething important he enriches the given business ontolog
use several datasets whlch are publically available, It ty;iih the gained knowledge. E.g. after analysing the cotireia
Churn Response Modeling Tournament (2683)ata or the peween the number of complaints and churn, business analys
Churn Dataset from the UCI Repository of Machine Learning,ay create the following rule: *Customers that sent ovesehr
. o . complaints during last two months are 78% likely to churn’.
h 8a//3ava R eato C(/’"e?/t'onkacj’f specialized tools for DMiRING,  That kind of knowledge may prove to be useful to the technical
ttp www.cs.waikato.ac.nz/ ml/we .. .. . .
% Java open-source programmatic environment for RDF(S)Lanwd  €Xpert optimizing the Data Mining model. During this stage
SPARQL, http://jena.sourceforge.net/ business analysts may also add derived attributes that $teeor
1% Java rule engine (i.e. supporting SWRL rules) and scgpéinviron-  pelieves are valuable and annotate them with relevant gesice

ment, http://www.jessrules.com/jess/index.shtml . . .
11a Java open-source extensible framework for creating welicafions, form CDM Ontology. As each business analyst action is docu-

http://struts.apache.org/
L2http:/iwww.fuqua.duke.edu/centers/ccrm/datasetsitimad. html 135cquired from http://www.dataminingconsultant.com/DKin
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mented in OLA process model, the technical expert will gaintachnique or the proper case representation for CBR reagoni
valuable background on business problem domain knowledgeWe recognize a potential OLA vulnerability, which is also
During analysis user is also presented with similar cas®s fr a crucial factor of its architecture. We use data and knogeed
past cases stored in Case Repository. E.g. when user analyséorm of ontologies, which requires a lot of modeling effor
correlation between given two attributes and such coioglat Thus we are working on an automatic knowledge acquisition
had been previously done in cross-selling analysis usépefl module. We believe that OLA may bring novel insight into
the information about its results and conclusions which malye domain of KDDSE and entail more research on domain
prove important for him. OLA also automatically performsand technology experts collaboration.

analysis (i.e. attribute correlation) in order to give Ihgent

suggestions to the user (i.e. 'The TotalUsageUSD and Tax REFERENCES

attributes are correlated. It .is sugge_sted tQ remove one ﬁ U. Fayyad, G. Piatetsky-shapiro, and P. Smyth, “Fromadafning to
them from the dataset’). This stage is the iteration between  knowledge discovery in database#! Magazine vol. 17, pp. 37-54,
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