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Abstract: The data mining process is the sequence of tasks applied to data, in
order to discover relations between them to have knowledge. However, the data
mining process lacks a formal specification that allows it to be modelled
independently of platforms. Model driven architecture (MDA) is an approach
for the development of software systems, based on the use of models to
improve their productivity. Several research works have been elaborated to
align the MDA approach with data mining on data warehouses, to specify the
data mining process in a very high level of abstraction. In our work, we propose
a support architecture that allows positioning these researches in different
abstraction levels, on the basis of several criteria; with the aim to identify
strengths for each level, in term of modelling; and to have a clear visibility on
the MDA contribution for data mining.
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1

Introduction

Data mining (Han and Kamber, 2001) is the process of exploring and analysing data to
extract knowledge models, in order to make proactive and knowledge-based decisions.
Data mining tools include a set of techniques, implemented by specific algorithms, and
giving access to different data organisations (flat files, databases, data warehouses, ...,
etc.). However, we note the absence of a model or consensus for specifying the data
mining process independently of platforms. The main problem is that the data mining
process is not modelled before its realisation; it is generally specific to platforms.
Modelling the data mining process is of major utility. On the one hand, it makes it easier
for users to specify data mining analyses in a certain level of abstraction, and on the other
hand, it allows the data mining process to have a modelling standard that follows and
guides it.
The problem of the lack of abstraction in the data mining process was mentioned by
Gonzalez-Aranda et al. (2008) and Pardillo et al. (2008). Pardillo et al. (2008) show the
different models and existing standards for data mining process, and their limitations to
provide intuitive artefacts to specify the data mining process, the authors then propose to
apply the model driven architecture (MDA) (OMG, 2014a; Blanc, 2005) for data mining,
to enable analysts to model their analyses easily and independently of platforms. The
choice of the MDA approach is justified by its ability to provide standard formalisms that
make it possible to specify any IT system, regardless of platforms, by using models and
transformation of models.
In the literature, we find only the researches of: Zubcoff and Trujillo (2005, 2006,
2007) and Zubcoff et al. (2007, 2009, 2008) that propose to model the data mining
process in a very high level of abstraction, by using MDA formalisms, and by
considering data mining process only on data warehouses (multidimensional data)
(Inmon, 2002). Our work then consists in presenting these researches in the context of the
MDA approach, from the defined meta-models, to the implementations, through the
transformations. We classify them according to a support architecture that we propose
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while highlighting the strengths of each one, and determining the differences between
them; in order to show the contribution of the MDA approach for data mining.
Our paper is organised as follows: In Section 2 we define the data mining process and
the problematic. Section 3 presents the data mining process on data warehouses.
Section 4 presents the related work. Section 5 introduces the fundamentals of the MDA
approach. Section 6 presents the MDA-Data mining key works concerned by our
classification study. Section 7 develops our support architecture that according to which,
and following relevant criteria we classify them in Section 8. In Section 9 we discuss the
results of our classification study, followed by a more general discussion in Section 10,
and Section 11 concludes our work.

2

Data mining process: problem definition

Data mining (Han and Kamber, 2001) is a field of information technology that finds
several applications in different other fields. In their entitled study ‘Data mining from
1994 to 2004: an application-orientated review’, Chen and Liu (2005) present four main
areas in which data mining is applied. We find its application even in software
engineering (Taylor et al., 2010). However data mining lacks a framework that specifies
its use by practitioners, given its exploratory nature of data. This leads us to approach
data mining from a process point of view, and then find ways to specify it and to model
it.
The data mining process (or data mining analysis) is the sequence of tasks, organised
in steps, allowing a user (analyst) to discover the desired knowledge from a data set.
Several models of data mining process exist in the literature (Kurgan and Musilek, 2006).
Each of these models proposes a set of steps for the data mining process, whether in the
academic or the industrial field. For simplicity, we give the steps defined in the study of
Fayyad et al. (1996) (Figure 1).
Figure 1

An overview of the data mining process steps (see online version for colours)

Source: Fayyad et al. (1996)

The data to be analysed are generally seen as a collection of examples (instances,
samples, items, objects or tuples), each example is characterised by a features vector,
called attributes (Frawley et al., 1992). A data mining technique groups together a set of
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algorithms that can be used to explore the data for a specific purpose. We quote among
the data mining techniques: classification analysis (Mitchell, 1997), clustering analysis
(Jain and Dubes, 1988), analysis of the association (association rules) (Agrawal et al.,
1993) and time series analysis (Bowerman and O’Connell, 1993; Esling and Agon, 2012;
Han and Kamber, 2001). The results are patterns of knowledge. Their evaluation allows
the analyst to determine the fate of the data mining process, stopping it if the results are
satisfactory according to some criteria, or going back to one of the previous steps
(Figure 1). The user then intervenes in all stages of the process to:
1

Select the data under analysis from some dataset.

2

Select data mining attributes from these data.

3

Choose the data mining technique.

4

Choose the algorithm corresponding to this technique.

5

Set the algorithm parameters.

6

Choose the evaluation criteria.

To perform these tasks, the analyst can use the graphical user interface (GUI) of the data
mining platform, or write code in a language offered by the platform. The user therefore
has many choices to make. However, he does not have the means to formalise them
independently of the platform. The WEKA platform (The University of Waikato, 2018)
for example, is the most popular data mining platform, especially in the academic
researches; it does not have tools to model the performed data mining analyses. Usually
these analyses are described textually, or by the images of the windows platform (David
et al., 2013). As a result, the data mining process lacks an abstract formalism that
describes it more generally, making it more productive.

3

Data mining process on data warehouses

The data mining process can be applied to different data organisations (Frawley et al.,
1992; Kumar and Tamilarasi, 2013), but since our classification study crosses with data
warehouses, we present in the following the data mining process on data warehouses.
Inmon (2002, p.31) define a data warehouse as a subject-oriented, time-variant,
integrated, non-volatile data collection in support of management’s decisions. So, the
structure of data warehouses is based on multidimensional model. This one sees the data
as a cube, in multiple dimensions. The cube represents the fact. A fact is the subject (the
central theme) on which the data warehouse is built. Dimensions are the criteria on which
this subject is seen. Logical schemas that represent the multidimensional model are based
on the relational model (Codd, 1970). We cite the star schema, the constellation schema,
and the snowflakes schema (Han and Kamber, 2001). Data warehouses are at the heart of
the IT field, which is business intelligence (Rausch et al., 2013). This includes data
warehousing query tools, which the best known is online analytical processing (OLAP)
(Han and Kamber, 2001) and data mining (Han and Kamber, 2001; Wang and Wang,
2008). In terms of platforms, data warehousing tools market offers a multitude of
platforms and software that allow different companies to design and explore data
warehouses. Typically, it is the providers of database management systems (DBMS) that
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enable integrating, both the data warehousing and data mining tools into their solutions.
Among these platforms, we mention Oracle Corporation (2018a) and Microsoft SQL
Server (Microsoft Corporation, 2018a). To perform the data mining process on data
warehouses, the analyst performs the same tasks mentioned in Section 2. Only that, he is
restricted by the multidimensional data model.

4

Related work

Many researches propose models for data mining but aligning it with data warehouses.
Yan and Li-li (2007) presents a data mining model based on an enterprise logistics
information system, where heterogeneous data are integrated into a data warehouse
following to multidimensional model or another, data mining techniques are then applied
in an appropriate manner to the company’s logistical management. Chen et al. (2004)
propose an architecture that integrates data mining process as a company’s business
service, using the web services technology (Alonso et al., 2004) and common warehouse
meta-model (CWM) standard (OMG, 2003), to build a metadata warehouse from an
existing data warehouse. Chaoji et al. (2016) consider the data mining process as an
important business process for enterprises, and show an end-to-end modelling building
pipeline, which summarises the pathway of the data mining process in the reality,
regardless of the data organisation. These models (Chaoji et al., 2016; Chen et al., 2004;
Yan and Li-li, 2007) can be seen as flowcharts showing the flow of the data mining
process steps outside of its specification. We quote the model of Wasilewska and
Menasalvas (2008) which is an abstract mathematical model aiming to understand the
data mining process including the data pre-processing, but it cannot be used directly by
practitioners.
At the level of domain standards, such as cross industry standard process for data
mining (CRISP-DM) (Smart Vision Europe Ltd., 2015), or predictive model markup
language (PMML) (DMG, 2018), they describe amply the data mining process, only they
have limits to specify it by abstract models (Pardillo et al., 2008).
Hofmann and Tierney (2003) present a detailed study of the participation of human
resources in a large-scale data mining project, which can take over the management of
the project. The authors define a life cycle for the data mining process, and the
involvement of human resources in this cycle, according to their role. However,
Gonzalez-Aranda et al. (2008) deplore the lack of a methodology for conducting large
data mining projects, because of the lack of abstraction in the definition of the data
mining process. The authors propose then a methodology for planning a data mining
project, considering the data mining process steps and its life cycle, but without
proposing a formal specification.
In this same vision, Pardillo et al. (2008) propose to consider the realisation of the
data mining process as a software engineering process, and the authors propose to apply
the MDA approach (OMG, 2014a; Blanc, 2005) to formalise all the data mining process
with the underlying data. The authors have even proposed model transformation
architecture to perform a data mining analysis. Unfortunately, this study did not go
beyond the stage of the proposal.
Earlier researches applied MDA approach for data warehouses specification and
design (Luján-Mora et al., 2006; Maté and Trujillo, 2014; Mazón et al., 2005, 2006;
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Mazón and Trujillo, 2008). Other aspects of data warehouses were aligned with the MDA
approach later (El Akkaoui et al., 2011; Taktak et al., 2017). These researches
(El Akkaoui et al., 2011, Luján-Mora et al., 2006; Maté and Trujillo, 2014; Mazón et al.,
2005, 2006; Mazón and Trujillo, 2008; Taktak et al., 2017) only considers data
warehouses without supporting the data mining process. We quote the CWM (OMG,
2003), which is an MDA approach standard. It allows the exchange of metadata, to solve
the problem of data integration in data warehouses, but it does not provide technical
modelling pieces (artefacts) to specify a data mining analysis.

5

Model driven architecture

MDA (OMG, 2014a; Blanc, 2005) is an approach adopted by the OMG (2018a) for the
specification and the interoperability of informatics systems, based on the object-oriented
paradigm (Booch, 2004) for software design. In this section, we give an overview of the
MDA approach fundamentals, which are necessary for our classification study.

5.1 The four-layer meta-model hierarchy of MDA approach
MDA approach (OMG, 2014a; Blanc, 2005) is based on the formal use of models, which
will be used initially to model the system, then by successive transformations to generate
the code. This allows separating the business features of the system, of its
implementation details. In order to express the models, MDA relies on the use of
formalisms, standardised by the OMG (2018a). According to its specification [OMG,
(2011a), p.17] these formalisms are organised on four layers of abstraction. The highest
abstraction level of the MDA approach is the M3 layer, in which we find the meta-object
facility (MOF) (OMG, 2011a, 2018b). This defines the UML meta-model (OMG, 2011a,
2011b), which is in the M2 layer. The UML meta-model provides the modelling elements
and the abstract syntax of the use of these elements in the unified modelling language
(UML) (OMG, 2011b), which is in the layer M1. The lowest level of this hierarchy is the
M0 layer, which gathers all the applications of the real world, instances of the models
which are written in the UML language (layer M1).

5.2 Models of the MDA approach
Blanc (2005, p.3) describes the three types of MDA models, which are: computation
independent model (CIM), platform independent model (PIM), and platform specific
model (PSM). In the most cases, these models are written in the UML language (OMG,
2011b), in the form of UML diagrams, the best known of which is the class diagram, in
which a class describes a set of objects that share the same features, constraints, and
semantics specifications. CIM models, PIM and PSM relate to each stage of a software
development life cycle. The CIM is the model for specifying user needs and
requirements; the PIM is the design model of the application regardless of the
implementation platform, and the PSM is the implementation code model. MDA
establishes links between these models by performing automatic transformations. The
model transformations are an automated process that converts a model to another. They
are written in standardised language, formed of a set of rules. Query/view/
transformations (QVT) (OMG, 2015) is the standard to design transformations from one
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model to another, for example from a CIM to a PIM, or from a PIM to a PSM. MDA also
allows a transformation of a model to a source code, for example from a PSM to a Java
code (Oracle Corporation, 2018b). MOFM2T (OMG, 2008) is the standard to design this
type of transformation. This last transformation allows the generation of the final
application in a given platform.

5.3 UML profiles
To adapt to specific domains, the UML meta-model can be extended by UML profiles
(OMG, 2011a, 2011b). The central concept of UML profiles is the stereotype. OMG
(2011a, p.192) states that a stereotype defines how an existing meta-class in the UML
meta-model can be extended, and it activates the use of terminology or domain notation,
instead of or in addition to the one used for the extended meta-class. Meta-classes are
meta-modelling elements organised in packages according to their semantics in the UML
meta-model. In general, a package makes it possible to group different modelling
elements under the same namespace. As the class in the class diagram, a stereotype has a
name, and may have properties, called tagged values. An icon (graphical item) can also
represent it. The stereotype must always be related to the meta-class it extends.
Relationships between stereotypes can also be established, and are the same relations,
defined between classes of objects in class diagrams. The aggregation relation is a nonsymmetrical association between two stereotypes, which means that one stereotype is a
part of another. Generalisation is a taxonomic relationship between a more general
stereotype and a specific stereotype. In addition to stereotypes, a UML profile can
contain object classes and constraints. Constraints are expressed in the textual
standardised language object constraint language (OCL) (OMG, 2014b). The designed
UML profile for a given domain can be used to produce models for that domain. These
models are still UML diagrams, but labelled by the stereotypes defined in the designed
UML profile.

6

Formal approaches for modelling the data mining process

We present in the following the unique researches that proposed the MDA formalisms for
modelling the data mining process, and which are concerned by our classification study.
These are the works of Zubcoff and Trujillo (2006, 2007) and Zubcoff et al. (2007,
2009), which define UML profiles adapted to four data mining techniques; and the work
of Zubcoff et al. (2008), which proposes an MDA transformation for the data mining
(Table 1).
The UML profiles of the data mining techniques (Table 1) consider that the data
mining technique is applied to the multidimensional data, because the authors start from
the idea of specifying the data mining as a part of the specification of the data warehouse
requirements. So, these research works (Table 1) are in the context of data warehouses.
The multidimensional data (data warehouse) are formalised according to the UML profile
of Luján-Mora et al. (2006). We must note that the UML profiles of the data mining
techniques (Table 1) are completed by conceptual models and implementations of data
mining analysis, according to different case studies.
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Table 1

Presentation of the MDA-data mining works retained for our classification study

Research
works

Data mining
technique

MDA
formalisms

Zubcoff and
Trujillo (2006)

Classification
(Mitchell, 1997)

Zubcoff and
Trujillo (2007)

MDA standards

Data meta-model

UML profile

UML 2.0
(OMG, 2005b)

Association rules
(Agrawal et al.,
1993)

UML profile

UML 2.0
(OMG, 2005b)

Multidimensional
data UML profile
(Luján-Mora et al.,
2006)

Zubcoff et al.
(2007)

Clustering (Jain
and Dubes, 1988)

UML profile

UML 2.1.1
(OMG, 2007)

Zubcoff et al.
(2009)

Time series
analysis
(Bowerman and
O’Connell, 1993)

UML profile

UML 2.1.1
(OMG, 2007)

Model to text
transformation

MOFM2T 1.0
(OMG, 2008)

Zubcoff et al.
(2008)

The last reference of Table 1 (Zubcoff et al., 2008) is a model to text transformation,
allowing transforming a conceptual model of data mining analysis derived from the UML
profile of the time series analysis technique (Zubcoff et al., 2009) to a code in the DMX
language (Microsoft Corporation, 2016) of the SQL Server Analysis Services platform
(Microsoft Corporation, 2018b) (Table 1).
In the literature, we also find researches that use or propose the MDA approach for
data mining (Pardillo et al., 2008; Cuzzocrea et al., 2011). These researches are based on
the works of Table 1, so we discuss them at the end of our classification study. The UML
profile of Zubcoff and Trujillo (2005) is a UML profile for the association rules
technique, but we retain the UML profile of Zubcoff and Trujillo (2007) for the same
technique, because it is an improved version (Table 1).
However, we notice that these researches works (Table 1) each concern a data mining
technique. Our goal then is to bring them together in the context of the data mining
process, and classify them as part of the MDA approach, in order to show the
contribution of MDA approach for data mining.

7

Support architecture for the MDA-data mining works classification

Based on the fundamentals of the MDA approach (Section 5), we propose a support
architecture that we use to help us to study and classify the works of Table 1 (Figure 2).
The level 3 of our architecture is the MOF (OMG, 2011a, 2018b), from which the
UML meta-model is derived, which is also an instance of it (Figure 2). The UML
meta-model (OMG, 2005b, 2007) has been extended by the UML profiles of Table 1. We
consider these profiles as data mining techniques meta-models and multidimensional data
meta-model (Table 1). The multidimensional data meta-model (Luján-Mora et al., 2006)
possesses the elements that are used by the meta-model of the underlying data mining
technique; it can be the meta-model of classification (Zubcoff and Trujillo, 2006),
association rules (Zubcoff and Trujillo, 2007), clustering (Zubcoff et al., 2007) or time
series analysis (Zubcoff et al., 2009). The two meta-models (data mining technique
meta-model and multidimensional data meta-model) are in the level 2 of our support
architecture, we specify the relationship between them by the association ‘import’ [OMG,
(2011b), p.112] (Figure 2).
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Support architecture for the classification of the works of Table 1

The analysis conceptual models developed in the works of Table 1, are instantiated from
the meta-models defined in level 2. According to our architecture, these models are
independent of any platform, and are considered as PIMs. They belong to level 1 of our
architecture (Figure 2).
We place the PSM between level 1 and level 0 of our architecture (Figure 2). Because
on the one hand, it is a model; and on the other hand, it is implementation-specific.
Level 0 of our architecture represents all the data mining analyses that were
performed in the works of Table 1 (Figure 2).
Since the work of Zubcoff et al. (2008) (Table 1) proposes an MDA transformation
for data mining, we introduce in our architecture the MDA transformations, which are of
two types:


The model to model transformations, that we name ‘ModelToModel’, and which we
place between the PIM and the PSM (Figure 2, right part).



The model to code transformations, that we name ‘ModelToText’, and which we
place between: the PIM and the code (Figure 2, left part), and the PSM and the code
(Figure 2, right part).

8

Study and classification of the MDA-data mining works via the support
architecture

To classify the works in Table 1, we start with the level 2 of our architecture (Figure 2),
which contains the data mining techniques meta-models and the multidimensional data
meta-model. We then go to the level 1 that matches the instantiated conceptual models.
Finally, we discuss the various performed implementations in level 0 of our architecture.

216

F. Meskine and S. Nait-Bahloul

8.1 Level 2 of the support architecture
The meta-models of level 2 are UML profiles, described by stereotypes, classes,
associations and tagged values. Restrictions that are specific to a data mining technique
(constraints) are expressed in OCL language, version 2.0 (OMG, 2006).
In the general case, the description of UML profiles is in two forms one is visual (a
set of diagrams), and the other is textual. In the designed meta-models, we find both
visual and textual descriptions, except the clustering meta-model (Zubcoff et al., 2007)
where the authors were contented only with the visual description. Zubcoff et al. (2009)
used the textual description model of the CORBA UML profile 1.0 (OMG, 2002) and
UML testing profile (UTP 1.0) (OMG, 2005a).

8.1.1 Criteria choice for the study of the data mining techniques meta-model
To study the data mining techniques meta-models (Table 1), we chose six different
criteria that we subdivided into two categories:
a

b

Criteria related to the data of the data mining process:


Relationship between the data and the data mining techniques.



Data mining attributes specification.



Data selection specification.

Criteria related to the data mining technique of the data mining process:


Specification of the data mining process results.



Specification of the technique parameters.



Specification of the data mining technique.

These criteria are in relation with the data mining process that we defined in Section 2.
So, we use the level 2 of our support architecture to discuss the designed meta-models
according to these criteria.

8.1.2 Criteria related to the data of the data mining process
8.1.2.1 Relationship between the data and the data mining techniques
The relation between the data and the data mining techniques is represented by the
relation between the data mining technique meta-model and the multidimensional data
meta-model. In our support architecture this relation is specified by the ‘import’
association which by definition, allows to the data-mining technique meta-model to use
the modelling elements of the multidimensional data meta-model, and it’s the same
choice adopted by Zubcoff et al. (2009).
Zubcoff et al. (2007) use two associations: ‘reference’ and ‘use’ (OMG, 2011a,
2011b), between elements of the data mining package (the one of the data mining
technique) and elements of the MD model package (the one of multidimensional data).
This specification is given in a separate model named “the multidimensional data
clustering domain model” (Figure 3).
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Figure 3
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Overview of the multidimensional data clustering domain model (see online version
for colours)

Source: Zubcoff et al. (2007)

Zubcoff and Trujillo (2007), define an OCL constraint that dictates the allowed
modelling elements in an instance of the association rules meta-model, among which the
modelling elements of the multidimensional data meta-model. Zubcoff and Trujillo
(2006) do not specify this relation.
We will see later, that it is important to define the relationship between the two
meta-models at this level, to be able to specify the use of the data mining attributes in the
data mining technique.

8.1.2.2 Data mining attributes specification
Data mining attributes are chosen from the data set under analysis, which will be in our
case multidimensional data. In the data mining techniques meta-models (Table 1), these
attributes are specified by stereotypes that are named according to the roles of these
attributes in the data mining analysis. We distinguish four roles (Table 2):


In input: These attributes are used as input for the analysis.



To predict: Are the attributes whose values are predicted by the analysis.



In input and to predict: These are the attributes that have two roles: as input and to
predict.



Case: Is a role attribute, which is necessary only when the analysis is applied on
multidimensional data, because it must designate the group of attributes from the
data warehouse, which are involved in the data mining analysis.

The clustering technique (Zubcoff et al., 2007) does not require the ‘predict’ role for
these attributes, nor the ‘in input and to predict’ role for the time series analysis technique
(Zubcoff et al., 2009), so these roles are not specified for these data mining techniques
meta-models (Table 2).
The stereotypes of Table 2 have been generalised by super stereotypes (Table 3). We
think that this generalisation relation make the meta-models more expressive.
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Names of stereotypes specifying the roles of the data mining attributes

Attributes roles

Stereotypes names
In input

To predict

In input and to predict

Case

Zubcoff and Trujillo (2006)

I

P

IP

C

Zubcoff and Trujillo (2007)

I

P

IP

C

Zubcoff et al. (2007)

Input

-

-

Case

Zubcoff et al. (2009)

AsInput

AsPredict

-

AsCase

Table 3

Super stereotypes and meta-classes of data mining attributes roles stereotypes

Attributes roles stereotypes

Iconic definition

Super stereotype

Meta-class

Zubcoff and Trujillo (2006)

No

MiningAttribute

Property

Zubcoff and Trujillo (2007)

No

MiningAttribute

Property

Zubcoff et al. (2007)

Yes

Attribute

Class

Zubcoff et al. (2009)

Yes

-

Usage

From the meta-classes of the attributes roles stereotypes point of view, we notice that
they are different, from one meta-model to another (Table 3). In the classification
meta-model (Zubcoff and Trujillo, 2006) and the association rules meta-model (Zubcoff
and Trujillo, 2007) the data mining attributes which are coming from the
multidimensional data are seen as proprieties of the data mining technique where the use
of the meta-class property. In the clustering meta-model (Zubcoff et al., 2007), they are
considered as a class apart, from where the use of the meta-class class, but we can see the
link between the data mining attributes and the multidimensional data in the domain of
multidimensional data for clustering model (Figure 3). Note that the meta-classes
property and class are part of the Kernel package of the UML meta-model (OMG, 2007).
However, in the time series analysis meta-model (Zubcoff et al., 2009) the data mining
attributes stereotypes extend the meta-class usage of the package dependencies of the
UML meta-model (OMG, 2007), which means that these attributes are used by the data
mining technique. We think that the choice of the meta-class usage is due to the
association ‘import’ between the multidimensional meta-model and the data mining
technique meta-model. As a final remark, we see that the meta-models of clustering
(Zubcoff et al., 2009) and time series analysis (Zubcoff et al., 2009) use the icons to
identify roles stereotypes of the data mining attributes, in addition to their names
(Tables 2 and 3).

8.1.2.3 Data selection specification
Data selection is the task that filters the data set under analysis, so that only interesting
objects (items) are taken. Filters are conditions on data; which allow selecting these
objects. In the classification meta-model (Zubcoff and Trujillo, 2006) and the association
rules meta-model (Zubcoff and Trujillo, 2007), filters are specified as a tagged value of
the stereotype that represents the data mining technique parameters. In the time series
meta-model (Zubcoff et al., 2009), they are specified by a stereotype named filter and
defined by an icon, it extends the meta-class constraint. We see filters as constraints on
data and not a property of the data mining technique, in which the second choice is the
most suitable. In the clustering meta-model (Zubcoff et al., 2007) they are not specified.
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8.1.3 Criteria related to the data mining technique of the data mining process
8.1.3.1 Specification of the results of the data mining process
After applying a data mining technique on the data, the results are visualised to analysts.
The specification of the data mining process results is only present in the meta-models of
classification (Zubcoff and Trujillo, 2006) and association rules (Zubcoff and Trujillo,
2007). In which, the results are specified by stereotype extending the meta-class class
(Table 4). To know that, the results in both association rules technique and classification
technique are in the form of rules.
Table 4

Specification of the results of the data mining process

Data mining process results

Modelling elements

Name

Meta-class

Zubcoff and Trujillo (2006)

Stereotype

CMResults

Class

Zubcoff and Trujillo (2007)

Stereotype

ARMResults

Class

Zubcoff et al. (2007)

-

-

-

Zubcoff et al. (2009)

-

-

-

8.1.3.2 Technique parameters specification
Each data mining technique regroups a set of algorithms. The parameters concern both
the data mining technique and the algorithms. They are chosen in an appropriate way to
the analysis that one wishes to apply on the data. In the four meta-models (Table 5), the
parameters are specified in relation to the technique and not in relation to a specific
algorithm. Only in the meta-model of classification (Zubcoff and Trujillo, 2006), the
algorithm is considered as a technique parameter, and thus specified.
Table 5

Specification of the technique parameters

Parameters

Modelling
elements

Name

Meta-class

Initialisation in the
meta-model

Zubcoff and Trujillo (2006)

Stereotype

CMSettings

Class

No

Zubcoff and Trujillo (2007)

Stereotype

ARMSettings

Class

No

Zubcoff et al. (2007)

Class

Settings

-

Yes

Zubcoff et al. (2009)

Class

Settings

-

Yes

We notice that in the classification meta-model (Zubcoff and Trujillo, 2006) and the
association rules meta-model (Zubcoff and Trujillo, 2007), the authors have chosen the
modelling element stereotype in which the technique parameters are grouped as a tagged
values. These stereotypes extend the meta-class class (Table 5). In the clustering
meta-model (Zubcoff et al., 2007) and the time series analysis meta-model (Zubcoff
et al., 2009), the parameters were considered as properties of the modelling element class
instead of stereotype (Table 5). In this case, the meta-model is seen as a specification of
an instance, and the parameters were initialised by default values in the meta-model
(Table 5). We think this change is due to the elimination of the stereotype that represents
the results in these meta-models.
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8.1.3.3 Data mining technique specification
In the meta-models of Table 1, the data mining technique is also represented by a
modelling element of the UML profile. We show in Table 6 the used stereotypes and
their properties.
Table 6

Specification of the data mining techniques

Technique
Zubcoff and Trujillo
(2006)

Zubcoff and Trujillo
(2007)

Tagged
values

Iconic
definition

Class

Attributes
roles
stereotypes

No

CMM

Model

Classes

No

ARMModel

Class

Attributes
roles
stereotypes

No

ARMM

Model

Classes

No

Stereotype name

Meta-class

CMModel

Zubcoff et al. (2007)

Clustering

InstanceSpecification

-

No

Zubcoff et al. (2009)

TimeSeriesAnalysis

InstanceSpecification

-

Yes

In the classification meta-model (Zubcoff and Trujillo, 2006) and the association rules
meta-model (Zubcoff and Trujillo, 2007), the data mining technique is specified by two
stereotypes. One extends the meta-class class and the other extends the meta-class model
(Table 6). If we take stereotypes that extend the meta-class model: CMM and ARMM, we
notice that they are considered as stereotypes that represent the model instance. Because
we see that, the ARMM stereotype is used to allow classes that must be present in an
instance of the meta-model (Zubcoff and Trujillo, 2007). Even, the tagged values of these
two stereotypes are classes (Table 6).
If we take the stereotypes that extend the meta-class class: CMModel and ARMModel
(Table 6), we see that these stereotypes represent the entire specification of the data
mining analysis. In the classification meta-model (Zubcoff and Trujillo, 2006) for
example, the stereotype CMModel aggregates the stereotypes that represent the
parameters CMSettings and the results CMResults, and it has as tagged values the roles
stereotypes of the data mining attributes. The same goes for the association rules metamodel (Zubcoff and Trujillo, 2007), except that, the roles stereotypes of the data mining
attributes are not visually represented as tagged values in the stereotype ARMModel, but
specified by OCL constraints, and there are no aggregation relationships between the
stereotype ARMModel and stereotypes that represent the parameters ARMSettings and the
results ARMResults, but a dependency relation. This was visually represented in the
diagram and by OCL constraints.
In the clustering meta-model (Zubcoff et al., 2007) and the time series analysis
meta-model (Zubcoff et al., 2009), the data mining technique is specified by a single
stereotype which has the same name as the data mining technique, and making extend the
meta-class InstanceSpecification (Table 6). The stereotype that represents the parameters
was substituted by a class, and the stereotype that represents the results was eliminated.
The only difference is the use of the icon to identify the technique stereotype in the time
series analysis meta-model (Zubcoff et al., 2009) (Table 6).
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We can understand that it is the change of the data mining technique that has required
the revision in the two last meta-models (Table 6), since in association rules and
classification techniques the results are in the form of rules.

8.1.4 Points of view
At this level of our architecture (level 2), we distinguish three parts in the specification of
the data mining process:


A common part which concerns: the specification of the roles of the data mining
attributes (input, prediction and case), and the specification of the filters on the data.
This part does not change according to the data mining technique, and can be unified
for all the studied meta-models.



A part that concerns the relationship between the data mining attributes and the data
mining technique. In the studied meta-models, we notice that this relation is
expressed by the meta-class of the roles stereotypes of the data mining attributes. It
remains whether this requirement must be unified for all meta-models or not.
Because according to the studied meta-models, this relationship depends on the
results nature of the data mining technique.



Another part, which is own to the data mining technique, and concerns the
parameters specification, because they are specific to it.

8.2 Level 1 of the support architecture
In the works of Table 1, the authors propose real examples of data mining analyses (case
studies) to design conceptual models for these analyses. These conceptual models are
class diagrams, instantiated from the studied meta-models and the meta-model of the
multidimensional data (level 2 of our architecture). The principle is that for a single
conceptual model of multidimensional data, we can design several conceptual models of
analysis, as needed. We consider these conceptual models as PIMs, in the level 1 of our
architecture (Table 7). In this level, we study these PIMs in order to see how the
differences and similarities between the meta-models in level 2 are concretised in the
PIMs.
Table 7

Synthesis of exemplary PIMs for the four data mining techniques meta-models

Techniques
meta-models

Number of
PIMs

Examples of analyses
(case study)

Multidimensional data PIM
positioning

Zubcoff and Trujillo
(2006)

1

Marine areas
characteristics

With the analysis PIM

Zubcoff and Trujillo
(2007)

2

Basket market

With the analysis PIM

Zubcoff et al. (2007)

1

Purchases by credit card

Separated from the analysis
PIM

Zubcoff et al. (2009)

2

Fish captures

Separated from the analysis
PIM
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8.2.1 PIMs analysis for association rules and classification techniques
8.2.1.1 Case study 1: association rules
In the PIM analysis of the association rules technique (Zubcoff and Trujillo, 2007), the
authors propose to analyse links between items in the customer shopping cart. This
information is stored in a credit cards company, which has customers (cardholders) who
use their credit cards in different categories of stores. The data are stored in a data
warehouse whose model (PIM) is instantiated from the multidimensional meta-model of
Luján-Mora et al. (2006).
Figure 4

PIM of the example analysis of the association rules technique (see online version
for colours)

Source: Zubcoff and Trujillo (2007)

The left part of Figure 4 shows the example of the data conceptual model that includes:
the class representing the fact table: purchase fact, and the four classes that represent the
dimensions tables: PurchaseType, time, cardholder and location. For this data PIM, two
different analyses PIMs are instantiated on two different data groups. These PIMs are
represented by the two instances Rule1 and Rule2 of the stereotype ARMModel from the
association rules technique meta-model (Zubcoff and Trujillo, 2007). The data mining
attributes are represented as properties of these two classes Rule1 and Rule2, and
stereotyped according to their roles in both analyses. They are also taken from the data
PIM present in the same schema. The two instances of the stereotype ARMS: Setting1 and
Setting2 represent the parameters of the association rules technique, used for both Rule1
and Rule2 data mining analyses. In the Setting1 class, we even see the use of a filter on
the data (Figure 4).

8.2.1.2 Case study 2: classification
The classification analysis PIM (Zubcoff and Trujillo, 2006) is designed for data
concerning the characteristics of marine areas, to obtain a classification of relative
abundance by marine area type (protected or not), catch per unit effort (CPUE),
Posidonia and rock cover percentages, total marine area, and maximum depth. These
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data are part of the multidimensional data, modelled in the same analysis PIM. Figure 5
shows the PIM of the classification analysis.
Figure 5

PIM of the example analysis of the classification technique (see online version
for colours)

Source: Zubcoff and Trujillo (2006)

8.2.1.3 Comparison
Considering the study of the two scenarios, we see that there are similarities between the
two PIMs of: association rules analysis (Figure 4), and classification analysis (Figure 5).
To model an analysis, the stereotype representing the data mining technique and that
extend the meta-class class is instantiated (Table 6). This stereotype is instantiated as a
class, having as properties the attributes chosen for the analysis, labelled by the names of
the roles stereotypes of these attributes (Table 2). Note that roles stereotypes of data
mining attributes extend the meta-class property in both meta-models of association rules
and classification (Table 3). As a result, the multidimensional data PIM, and the analysis
PIM are juxtaposed in the same diagram (Figures 4 and 5), since the data mining
attributes are taken from the multidimensional data under analysis. As a last similarity,
we notice that the stereotype representing the results of the analysis is not instantiated,
whereas it is present in the two meta-models (Table 4). However, some differences are
also seized in the two PIMs that come from differences between the two meta-models
(level 2 of our architecture). In the classification analysis, the instantiation of the
stereotype representing parameters is different from that in association rules analysis. It is
made by giving the parameters fixed values, and recitals as a note related to the instance
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of the stereotype representing the technique (Figure 5), because in the meta-model, the
stereotype of those parameters is in aggregation relationship with the one of the technique
(level 2 of our architecture). In association rules analysis, the parameters are represented
by a class in dependency relation with the instance of the technique stereotype (Figure 4),
according of course to the meta-model (level 2 of our architecture). Concerning the
parameters, we think that modelling adopted in association rules analysis is better than
that adopted in classification analysis, as it enables better readability of PIMs.

8.2.2 PIMs analysis for time series and clustering technique
8.2.2.1 Case study 1: clustering
The case study of the clustering technique meta-model (Zubcoff et al., 2007) concerns the
analysis of purchases by credit cards. The multidimensional data are modelled in a
separated PIM (Figure 6) instantiated from the meta-model of Luján-Mora et al. (2006).
Figure 6

The multidimensional data PIM of the clustering technique analysis example
(see online version for colours)

Source: Zubcoff et al. (2007)

On these multidimensional data, a clustering analysis clusters purchases by credit card
using the attributes that characterises the cardholder: age, gender, name, children, range,
and the attribute amount (Figure 6).
In the PIM of this analysis (Figure 7), we see the input attributes which are
represented by the icon of the stereotype input. Furthermore, the attribute type of card is
considered as case, and is represented by the icon of the stereotype case. The clustering
analysis is represented by instantiating the class which represents the parameters:
settings. The values of the parameters numClusters, maxInputAttributes and minSupport
are given in the model (the rest of parameters have default values) (Figure 7).
The dependency relationship, labelled ‘use’, taken from the domain of
multidimensional data for clustering (Figure 3) is used to link between: the class
clustered purchases: settings, which represents the parameters of the clustering
technique, and the classes that represent the data mining attributes, according to their role
in the data mining analysis. Note that the iconic representation of stereotypes is used only
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for the input and case stereotypes, in the clustering meta-model (level 2 of our
architecture).
Figure 7

PIM of the example analysis of the clustering technique (see online version for colours)

Source: Zubcoff et al. (2007)

8.2.2.2 Case study 2: time series analysis
In this case study (Zubcoff et al., 2009), two different time series analyses are shown:


Depths prediction: Prediction of the depth of entire captures (any fish) by marine
area and by week.



Individual’s prediction: Prediction of the total number of carps captured per month.

Figure 8

The multidimensional data PIM of the time series analysis technique example

Source: Zubcoff et al. (2009)

The data under analysis are about fish captures, and are modelled by a PIM instantiated
from the meta-model of multidimensional data of Luján-Mora et al. (2006). This PIM
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represents the central fact table: captures, surrounded by different dimension tables: time,
location, fish, and ship (Figure 8).
In the PIM of the ‘depth prediction’ analysis (Figure 9), we see the class: depth of
captures by MarineArea, week: settings with the parameters values, as proprieties of this
class. The selected data mining attributes, are taken from the multidimensional data PIM,
with their graphical representation in this PIM.
Figure 9

PIM of the example of the time series analysis technique

Source: Zubcoff et al. (2009)

The role of each of these attributes in the analysis is shown on the dependency
relationship between this class and the classes representing these attributes, by labelling
each relationship with the stereotype icon of the concerned data mining attribute,
according to its role (Table 8).
Table 8

Stereotypes icons in the time series analysis meta-model

Stereotype icon

Stereotype name

Represents

TimeSeriesAnalysis

Data mining technique

AsInput

Input data mining attributes

AsPredict

Predict data mining attributes values

AsCase

Case data mining attributes

Filter

Data filters

The same goes for the second PIM concerning the prediction of the total number of carps
captured per month, only we note the use of the data filter, because it concerns only
carps.
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8.2.2.3 Comparison
From the study of these examples, we can detect similarities and differences. Regarding
the similarities, we note the use of icons to identify stereotypes in the PIMs of the time
series analysis, and the PIM of the clustering analysis (Figures 9 and 7), also the PIMs are
generated by instantiating the class representing parameters (Table 5) stereotyped by the
data mining technique icon in time series analysis, and the data mining technique name in
the clustering (Table 6). Also, the PIM of the multidimensional data is given separately
from the PIM of the analysis in the two case studies. The differences are in the
representation of the data mining attributes. In the PIM of clustering analysis, data
mining attributes are taken from the multidimensional data, and labelled by the icons of
the roles stereotypes of the data mining attributes (Table 3). They are then linked to the
parameters class of the clustering technique by the use relation, coming from the domain
of multidimensional data for clustering (Figure 3). In time series analysis PIMs, the icons
that represent the roles of the data mining attributes (Table 3) are placed on the
dependency relationship between the class that represents the parameters, and the classes
of the multidimensional data PIM, used as data mining attributes. We think that this is the
consequence of linking the stereotypes of data mining attributes to the meta-class usage
in the time series analysis meta-model (Table 3).
We think that the PIMs of the time series analysis are better than the PIM of the
clustering analysis, from the point of view of the legibility of the PIMs, because it best
represents the role of data mining attributes in the analysis.

8.2.3 Points of view
We find that there are two factors, which caused the main differences between the PIMs
of these analyses:



The definition of the relationship between the technique meta-model and the
multidimensional data meta-model.
The meta-classes of the roles stereotypes of the data mining attribute.

And it is two factors that made the multidimensional data PIM with the analysis PIM in
the association rules and classification techniques, and separated from the analysis PIM
in the classification and time series analysis. More generally, and considering the study of
the two levels, we think that the definition of the relationship between the data mining
technique meta-model, and the multidimensional data meta-model determines the
meta-classes of the stereotypes roles of the data mining attributes, which in turn
determines the specification of the data mining technique in the meta-model.

8.3 Level 0 of the support architecture
The level 0 of our architecture concerns the implementation of the studied PIMs (level 1
of our architecture). The objective behind the study of this level is to show how these
PIMs have been implemented, and on which platforms.
In the works of Table 1, the analysis PIMs, were implemented under Microsoft SQL
Server 2005 Analysis Services (Microsoft Corporation, 2018b), and using three different
tools:
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the GUI



written code in data mining extensions (DMX) language (Microsoft Corporation,
2016)



model to code transformation (OMG, 2008).

DMX language (Microsoft Corporation, 2016) allows writing data mining models under
the platform SQL Server Analysis Services (Microsoft Corporation, 2018b), without
using the GUI, and only for multidimensional data.
Because they are platform-specific, we consider all these implementations as PSMs
that produce data mining analysis in level 0 of our support architecture. We then
distinguish two types of PSMs: PSM without transformation and PSM with
transformation.

8.3.1 PSM without transformation
We resume the PSMs without transformation in Table 9.
Table 9

Implementation of the different PIMs (PSMs)
Implementation tools

PSMs

Graphical
interface

Zubcoff and Trujillo (2006)

DMX
code
×

Zubcoff and Trujillo (2007)

×

Zubcoff et al. (2007)

No indication

Zubcoff et al. (2009)

×

Data mining
platforms

Data under
analysis

SQL Server
Analysis
Services 2005
(Microsoft
Corporation,
2018b)

Multidimensional
(data warehouses)

From Table 9, we find that all analyses PIMs (level 1 of our architecture) have been
implemented under the same platform. This does not allow to assess the independence
degree of these models against thereof. In addition, the SQL Server 2005 Analysis
services (Microsoft Corporation, 2018b) implements the technique without considering a
specific algorithm to it. In all case studies, the data warehouses under analysis (Table 9)
are pre-implemented in the SQL Server platform (Microsoft Corporation, 2018a),
according to the designed PIMs of the multidimensional data (level 1 of our architecture).
In time series analysis, the multidimensional data PIM has been translated into a star
schema (Zubcoff et al., 2009), which we also consider as a PIM. In the remaining case
studies the data warehouses logical schema is not indicated. Note that the designed
multidimensional data PIMs can be translated into different schemas of data warehouses
(star, constellation and snowflake).

8.3.2 PSM with transformation
Zubcoff et al. (2008) propose a transformation approach, based on:


The multidimensional data meta-model (level 2 of our architecture).



The time series analysis meta-model (level 2 of our architecture).
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A model to text transformation that automatically generates analysis code, written in
DMX language (Microsoft Corporation, 2016) from the PIMs of the time series
analysis (level 1 of our architecture).

The transformation code (Figure 10) is implemented in the Eclipse Platform (The Eclipse
Foundation Open Source Community Website, 2018) using the MOFScript plug-in which
is an implementation of the MDA standard: MOFM2T (OMG, 2008).
Figure 10 Example of a MOFM2T transformation and the generated code (see online version
for colours)

Source: Zubcoff et al. (2008)

The transformation (Figure 10) uses the elements of the time series analysis meta-model
and the multidimensional data meta-model (level 2 of our architecture), and it makes
links between these elements and the syntactic elements of the DMX language. Then,
each specified attribute in the PIM is transformed into an attribute in DMX, according its
role. The parameters technique specified in the PIM of the time series analysis are
converted into their counterpart in DMX. However, parameters may not be specified in
the PIM, so they are added explicitly later in the implementation code. Once the
transformations are properly established, the MOFScript Engine can interpret them, to
transform a time series analysis PIM to a DMX code.
This transformation is a ‘ModelToText’ transformation, between level 1 and level 0
of our support architecture (Figure 2, left part). It has as a source a time series analysis
PIM, and as target a code in the DMX language (Microsoft Corporation, 2016). We
consider this code as a PSM with transformation.

8.3.3 Points of view
Comparing what has been done in this level with our support architecture, we notice that
the only realised transformation is a ‘ModelToText’ transformation, which concerns the
left part of our support architecture, between level 1 and level 0, since it is a
transformation of a PIM to a code (Figure 2). This only proposed transformation is
restricted only to the PIMs of the time series analysis, and the DMX language (Microsoft
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Corporation, 2016). By its nature, it cannot be applied to other platforms, as well as to
other data mining techniques. We think that one reason is the difference in the definition
of the studied meta-models (level 2 of our architecture). We also note that the
transformation concerns only the analysis PIMs, and not the multidimensional data PIMs,
because the data warehouse is implemented beforehand.
Apart from this transformation, the data mining analysis PIMs (level 1 of our
architecture) were implemented directly in the SQL Server Analysis Services platform
(Microsoft Corporation, 2018b), without MDA transformations (Table 9). The data
mining analyses resulting from these implementations are classified in level 0 of our
architecture, as instances of the PIMs realised in the level 1 of our architecture.

9

Discussion of the results of our classification study

We find that the works of Table 1 concern effectively the data mining process
(Section 2), and are well within the MDA approach. Beginning with the development of
meta-models for each technique, in the form of UML profiles, which will provide the
necessary artefacts to generate analyses conceptual models (PIMs). These PIMs can be
directly implemented on a platform, or transformed into a code, so we discuss in this
section two points:


The realised MDA approach steps in the works of Table 1.



The data mining process artefacts in the works of Table 1.

These two points consolidate the contribution of the MDA approach for data mining. Our
discussion is based on our study guided by the support architecture.

9.1 MDA Approach performed steps
We present in Table 10 the MDA approach steps, carried out in the works of Table 1.
Table 10

The taken MDA approach steps in the works of Table 1

MDA approach steps
Meta-model visual
specification
Meta-model textual
specification
PIMs conception.
‘ModelToModel’
transformation
PSMs conception
Implementation
without transformation
Implementation with
‘ModelToText’
transformation
Total number

Zubcoff and
Trujillo (2006)

Zubcoff and
Trujillo (2007)

Zubcoff et al.
(2007)

Zubcoff et al.
(2009, 2008)

×

×

×

×

×

×

×

×

×

×

×

×

×

×
×

3

4

3

5
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We note that all the defined meta-models have been instantiated by PIMs that have been
implemented. No ‘ModelToModel’ transformation was given for the four meta-models of
data mining techniques. Because none of the five studied approaches used a code model
to implement the designed PIMs, i.e., a true PSM as specified by the MDA approach. So,
comparing Table 10 with our support architecture (Figure 2), we find that between level 1
and level 0, only the left part has been realised, and only for a single data mining
technique: time series analysis.

9.2 Data mining process artefacts
We detect in the studied meta-models of Table 1 the technical parts of the data mining
process modelling; these are the artefacts of the data mining process (Table 11).
Table 11

The artefacts of the data mining process in the works of Table 1
Zubcoff and
Trujillo (2006)

Zubcoff and
Trujillo (2007)

Metamodel

Model

Metamodel

Model

Metamodel

Model

Metamodel

Model

Data
mining
attributes

×

×

×

×

×

×

×

×

Technique
parameters

×

×

×

×

×

×

×

×

Data
filters

×

×

×

×

Results

×

×

Data
mining
process
artefacts

Zubcoff et al.
(2007)

Missing
values
Total
number

Zubcoff et al.
(2009)

×
4

2

4

2

2

2

4

3

We note that the artefacts ‘data mining attributes’ and ‘techniques parameters’ are
provided by all the studied meta-models even they are specified in different ways.
Namely, the data can only be multidimensional, this is imposed by:


Writhen constraints in OCL (OMG, 2006), for the meta-models of Zubcoff and
Trujillo (2007) and Zubcoff et al. (2009).



The definition of the multidimensional data domain for clustering in Zubcoff et al.
(2007).



Introducing the role ‘case’ for the data mining attributes, in the all studied
meta-models.

We note that the specified parameters in the studied meta-models are general parameters,
and that there is no separation between the technique parameters and the algorithm
parameters. At the level of the instantiated models, instantiation examples have given for
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each meta-model. We note that the artefact ‘results’ is given by the two meta-models of
association rules and classification but its use has not been shown in the generated
models (Table 11). We think that the results of any data mining analysis are response to
choices made at the conceptual models, so we propose that it be replaced with the artefact
‘evaluation’ to allow analysts to select the criteria of the results evaluation (Section 2), in
the level of models. There is only one meta-model (Zubcoff et al., 2009) that provides the
artefact ‘missing values treatment’ (Table 11) which allows to specify the type of
processing of these values, in the data pre-processing step of the data mining process, but
its use has not been shown in the instantiated models. In the graph (Figure 11) we
summarise the comparison of the works of Table 1.
Figure 11 Comparison summary of the works of Table 1 (synthesis of Tables 10 and 11)
(see online version for colours)

The graph shows that the time series analysis technique has benefited the most from the
MDA approach (Zubcoff et al., 2008, 2009). However, its meta-model dates back to
2009, and since then no other meta-model has been proposed in the literature. We quote
the work of Cuzzocrea et al. (2011) which proposes the composition of conceptual
models of data mining analysis, concerning clustering, classification, and time series
analysis techniques. These proposed models (Cuzzocrea et al., 2011), can be classified in
level 1 of our architecture, as data mining analysis PIMs. Only these analysis PIMs
concern several data mining techniques, whereas they are instantiated from the time
series analysis meta-model (Zubcoff et al., 2009), hence the importance of integrating
these data mining techniques meta-models.
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General discussion

The results of our classification study show the interest of our support architecture, in the
sense that we can have a clear vision of what has been done in the proposed approaches,
in terms of the data mining process modelling, as part of the MDA approach. This
allowed us to show the contribution of the MDA approach for data mining. It is obvious
at first sight, that the conceived data mining techniques meta-models are different,
because they concern different data mining techniques, but the data mining process is the
same regardless of the technique, and what is shown by our study. For this purpose, we
have been able to detect the modelling artefacts of the data mining process.
Pardillo et al. (2008) propose an architecture named “Model transformation
architecture for model-driven data mining.” This architecture details the transition
between level 1 and level 0 of our support architecture (Figure 2) for any data
organisation.
Our support architecture can be adapted to other areas as well, in particular for the
study of MDA data warehouses (multidimensional data) applications (Luján-Mora et al.,
2006; Maté and Trujillo, 2014; Mazón et al., 2005, 2006; Mazón and Trujillo, 2008;
El Akkaoui et al., 2011).

11

Conclusions

In this work, we have established MDA support architecture for data mining on
multidimensional data, we have listed all the research works of data mining that are
related to MDA approach, and we have positioned them in different levels of abstraction
according to this architecture. Our work presents also, a detailed and exhaustive study,
guided by our support architecture, of these works, with the aim of identify differences
and strong points, in order to see clearly the MDA approach interest for data mining.
We note that the proposed UML profiles, really concern the data mining process,
even if they are initially seen as UML profiles for data mining techniques. We have
shown that the MDA approach can help to specify the data mining process in a very high
level of abstraction, by integrating these meta-models, and by enriching them to support
as many platforms as possible. This will help design a transformation model that allows
analysts to automatically generate analyses, for any data mining technique, and any
platform. Our future work is to enrich one of the studied meta-models, and adapt it
directly to the data mining process.
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