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Abstract

In a Knowledge Discovery in Databases (KDD) process, hu-
man capabilities and judgment are still a fundamental ingre-
dient to ensure that useful and valid knowledge is derived
from data. Such capabilities assume the form of skills and
expertise in different domains such as databases, statistics,
machine learning, data mining, as well as the specific busi-
ness/application domain. Thus, in order to manage a knowl-
edge discovery project, a team of different experts is worth
being constituted. In this paper we analyze the Collabora-
tive Knowledge Discovery in Databases environment in terms
of the different information team workers need to exchange
to collaborate, surveying the main existing technologies for
information representation and exchange, and enlightening
possible directions of future work. Furthermore, we propose
an open environment supporting users in the management of
specific KDD information and activities.

Introduction
Knowledge Discovery in Databases (KDD) is defined as
the nontrivial process of identifying valid, novel, poten-
tially useful, and ultimately understandable patterns in data
(Fayyad et al. 1996). As a process, it includes several
steps, most of which can be realized only by automatic data-
intensive computations. As a nontrivial process, human ca-
pabilities and judgment are still a fundamental ingredient
to ensure that useful and valid knowledge is derived from
the data, where human capabilities assume the form of skills
and expertise in different domains such as databases, statis-
tics, machine learning, data mining, as well as the specific
business/application domain. Thus, in order to manage a
knowledge discovery project, a team of different experts is
worth being constituted. Such a team can be either formed
by colocated experts belonging to a single organization or a
geographically distributed virtual team, which includes ex-
perts from various organizations. A virtual team reduces,
or at least controls expenditures for KDD projects. On the
other hand, managing KDD virtual teams involves several
issues: manage collaborative work; integrate information
and knowledge produced during the KDD project; orches-
trate different tools; move efficiently the huge amount of
KDD data to analyze; etc.
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According to (Moyle and Jorge 2001), collaboration in
the KDD field can be viewed as a blend of both co-operate
and challenge work models. In a Co-operative model ac-
tors with complementary skills face a problem jointly. On
the other hand, challenge working means that actors ana-
lyze a problem while competing with each other. Such a
blend model allows participants in the team to analyze the
discovery problem from different points of view and exploit
various skills, expertise and knowledge. Moreover, a KDD
process is not a simple sequence of events, rather it is typ-
ically characterized by cycles and backtracking, by condi-
tional choices and by parallel tasks. These characteristics
allow to view a KDD process as a workflow where actors
can work either jointly, dealing with the same task, or inde-
pendently, facing different problems in parallel but sharing
only results (i.e. models or any other intermediate informa-
tion).

Although many supporting environments have been de-
signed for cooperative work (Demchenko, De Laat, and
Tokmakoff 2005; Jiang et al. 2005; Gross 2003; McQuay
and Smari 2006), few works consider the specific field
of KDD (Cannataro and Talia 2003; Kumar et al. 2004;
Krishnaswamy, Zaslasvky, and Loke 2003; Grossman and
Mazzucco 2002; Diamantini, Potena, and Panti 2005a). We
believe that this is due to some peculiarities of the process,
and in particular the characteristics of the information ex-
changed. Thus, the scope of this paper is to analyze the KDD
process in terms of the different information a KDD project
team workers need to exchange when collaborating. Main
existing technologies for information representation and ex-
change will be surveyed, in an effort to identify possible di-
rections of future work.

The paper is organized al follows: first section presents,
based on existing models and standards, a methodology of a
KDD collaborative process to categorize the types of infor-
mation involved in the process. These kinds of information
are then described in detail. The main existing technolo-
gies and tools which can facilitate the representation and ex-
change of such information are also discussed. Then we pro-
pose an open environment that supports users in managing
specific KDD information and activities. The last section
summarizes the work and makes some conclusions. It also
outlines possible future prospects.



Human-Human Human-Machine Machine-Human Machine-Machine

- domain ontology definition;
- mapping business goals in Data Mining task; - retrieval of

Business - planning the activities to do in the project; documentation on
Understanding previous KDD project;

- exchange of expertise;

- schema understanding; -mapping between - extraction of data properties;
Data data schema and
Understanding - data quality analysis; business domain;

- data cleaning - description of tools in terms of their
- feature selection characteristics and functionalities;

Data Preparation - choosing tools by exploring - choosing the best tool parameters setting;
and properties of data, - orchestration of tools exploited in the process;
Modeling domain and algorithms;

- reporting tool and
model performances;

- model description;
- planning the test;

Evaluation -model representation
and - exchanging knowledge and visualization;
Deployment on the business domain

to understand the model;

- collecting, categorizing and delivering documentation about experiences built up during the project;

Table 1: Activities managing knowledge involved in a project of Collaborative Knowledge Discovery in Databases. The
classification is made with respect to CRISP-DM model and kind of interface involved.

Knowledge Exchange in a CKDD project

Collaborative Knowledge Discovery in Databases (CKDD)
implies various forms of information sharing among differ-
ent actors.

The actor in a CKDD project is an expert in a business
and/or in a technical domains. Such expertise can also be
organized and made available as intelligent services in a ma-
chine, for instance, services to explore a domain ontology,
services to support other actors choosing most suitable tools,
and so on. On the other hand, information exchanged in a
CKDD project assumes different forms: structured raw data,
unstructured domain information, description of tools and
data, un-formalized and tacit expertise, to cite some exam-
ples. Moreover, due to the intrinsic nature of a KDD process,
there is a lack of initial knowledge that is filled incrementally
during the advancing of the process itself. Then, the actors
of a CKDD project deal with different forms of partial and
evolving knowledge.

In order to have a complete view of the knowledge ex-
changed in a CKDD project, we identify activities managing
knowledge. A way to catalogue such activities is to consider
the kinds of interfaces between actors involved in a KDD
process. A first classification of actors is to distinguish them

as humans and machines. Thus, the following interfaces can
be considered:

• Human-Human: Dialogue between human experts work-
ing on a common task;

• Human-Machine: Transfer and description of data to ana-
lyze, activation of chosen tools and setting of their param-
eters;

• Machine-Human: Description of data proprieties, de-
scription of semantic properties of algorithms, represen-
tation of final or intermediate models;

• Machine-Machine: Communication between machines in
order to transfer data, to manage the workflow, to activate
tools, to automatically annotate data and algorithms, etc.

As a second dimension, actors can be classified accord-
ing to their role in the KDD process. We simply consider as
”roles” the different steps of a KDD process actors are in-
volved in. Steps are taken according to the standard CRISP-
DM model (Shearer 2000). Considering these two dimen-
sions jointly, we come to a classification of different kinds
of activities which involves collaboration (i.e. knowledge
exchange) among experts in different steps, as illustrated in
Table 1.



Moving from the Business Understanding phase to the
Deployment phase the knowledge involved in a CKDD
project prevalently concerns: (1) domains, (2) data charac-
teristics, (3) tools and (4) models. Due to the cyclic nature
of a KDD process, where experiences built up during the
project can be used to improve the domain understanding,
the (partial) models obtained in intermediate steps can be
used as further evidence for backtracking. Finally the model
discovered in a previous project can become domain knowl-
edge for a next project.

Besides the standard CRISP-DM tasks, we have put in
Table 1 activities contributing to the information/experience
exchange in heterogeneous and distributed environments,
namely data annotation and ontology management. Such
tasks imply the introduction of intelligent services, that play
an important role in a collaborative project.

It is also to be noted that the activities shown in the
Human-Human column of Table 1 highlight the collabora-
tive nature of a CKDD project. As a matter of fact, while
the KDD process is classically defined as an interactive pro-
cess involving machines for computing intensive activities
on huge amount of data, the collaborative KDD field is char-
acterized by a lot of activities among humans.

Furthermore, such a schematization allows us to catego-
rize the knowledge involved in a CKDD project with respect
to how the knowledge is represented. Moving from the sec-
ond to the last column of the table, the knowledge passes
from unstructured/implicit to structured/explicit one. If the
interface is human-human, actors use natural language to
exchange their experiences and to consult together in or-
der to take decision. On the other hand, when the inter-
face involves a machine actor, the knowledge has to be more
formalized in order to be understood and managed by the
machine. Lastly, for full-automatic processes, that involve
only machine-machine interfaces, languages must be for-
mal. Such a shift has led to the introduction and the study of
languages for domains, data characteristics, tools and mod-
els description.

In the following subsections, we describe the different
knowledge exchanged in a CKDD project, analyzing the lit-
erature in order to both discuss how such a knowledge is
represented, and identify the services to build, in order to
share and manage this knowledge.

Domain Knowledge
In order to face a KDD project, expertise on both the appli-
cation world and the KDD world is needed. Hence, when
talking about domain knowledge, we mean knowledge for
the application (business) domain as well as for the KDD
domain.

Application domain holds information about all the ob-
jects involved in the application. In addition, such a do-
main possesses knowledge about connections among ob-
jects, constraints and hierarchy of objects, and should de-
scribe goals and activities to be performed on objects in
order to achieve stated goals. As an example, in a manu-
facturing firm, objects may include: raw materials, a ware-
house, a manufacturing department, items, a sales depart-
ment, workers, and so on. Raw materials are both linked

to (kept in) the warehouse and (exploited in) the manu-
facturing department, which is associated with the work-
ers. Furthermore, workers objects are linked to themselves
to describe the organization’s chart. At present, formal-
ization of domain knowledge is mainly based on ontol-
ogy definition. Many general-purpose, single user tools,
languages and methodologies for ontology building have
been proposed (see e.g. (Duke, Brodlie, and Duce 2004;
Smith, Welty, and McGuinness 2004; Prieto-Diaz 2003)).
(Bao, Caragea, and Honavar 2006) discusses the problem
in collaborative environments. The use of domain ontolo-
gies is proposed to guide the KDD process and to give sup-
port to domain experts. In (Kargupta et al. 2004, chap.23)
and (Phillips and Buchanan 2001), a business domain on-
tology supports the extraction of novel features, by exploit-
ing relations among domain concepts. In (Hotho, Staab,
and Stumme 2003) and (Wang e al. 2003), the use of on-
tologies is proposed to refine the induced knowledge and to
correctly interpret the results. (Cespivova et al. 2004) dis-
cussed the use of ontologies in the whole KDD process in
the medical domain. Finally, in distributed environments,
the role of application domain ontologies is central, both in
the search for appropriate data and in their integration (Kar-
gupta et al. 2004, chap.23), (Reinoso-Castillo et al. 2003;
Verschelde et al. 2004).

KDD domain is a special kind of domain. Consequently,
we refer to the KDD ontology as a special kind of ontol-
ogy. A KDD ontology is a conceptualization of the KDD
domain in terms of tasks, techniques, algorithms, tools and
tool properties (such as performance) and the kind of data
that can be used for (Cannataro 2003; Kotasek and Zendulka
2000; Li and Lu 2004). As such, a KDD ontology has a
similar role with respect to the business domain ontology: it
helps the business expert to understand the KDD domain, so
that he can either effectively collaborate with a KDD expert
in the design of a KDD project, or design the KDD project
on his own. In this case, the KDD ontology can support
the user in browsing a tool repository, that is organized with
respect to it.

In a Collaborative KDD scenario, we also have to con-
sider the Team domain, that is, the domain regarding par-
ticipants in the group. Knowledge on this kind of domain
includes the characteristics of participants in the team, such
as their relationships and affiliations, where they are lo-
cated, what is their agenda and roles, and so on. The Team
domain contains also information about actor’s expertise,
skills, working tasks, and related available resources (e.g.
time, machine and money). This kind of knowledge allows
for constituting a team and identifying the role of partici-
pants in it. It also provides for planning the process on the
basis of the expert’s agenda and allocating the needed re-
sources. Furthermore, it is desirable to have at disposal a
sort of psychological knowledge, in order to build up tools
that support the definition of human-centric interface and to
personalize the collaboration system.

The joint exploitation of such ontologies needs services
supporting the integration and interoperation of heteroge-
neous ontologies (Calvanese, De Giacomo, and Lenzerini
2002). Furthermore support for reuse of existing ontologies



Figure 1: A subset of elements in the Team Domain.

is desirable, in order to take advantage of ontologies built in
previous projects (Bao, Caragea, and Honavar 2006).

Data Semantics
After the first step of business understanding, a preliminary
analysis of data is performed. Data analysis is devoted to
understand the content of raw data at hand, in order to con-
sciously act in the subsequent steps of data preparation, tool
selection and parameter setting. A preliminary analysis of
data is also needed in order to evaluate their quality, e.g.
in terms of the number of erroneous and missing values.
Each of these activities involves the exploitation of differ-
ent forms of data semantics, expecially in a collaborative and
distributed scenario, where data can come from autonomous,
heterogeneous data sources. The first is the semantics of
data schema, that is the meaning of attribute names for struc-
tured data, or of tag names for XML data; it is necessary to
understand the nature of data, or to integrate different data
sources. Another form of data semantics is related to (pos-
sibly unknown) dependencies among attributes. Typically,
dependencies among attributes are analyzed exploiting the
knowledge of a domain expert. Finally, quality analysis and
tool selection requires some knowledge about the semantics
of data values, either taken alone (i.e. is the string akhjan a
valid instance of the attribute surname, or is it an error?) or
as a whole (e.g. outliers definition depends on data distribu-
tion).

The main support to collaborative and complex KDD
projects comes from the exploitation of data annotation tech-
niques1. Besides textual annotations, that consist in added
notes and comments to the annotated object, semantic anno-
tations have been defined: while textual annotations are pri-
marily intended toward humans, semantic annotation con-
tent is some semantic information intended to be readable by
humans as well as machines. For instance, the current work
on semantic annotations of Web resources and services is
intended to serve for sophisticated Web resources retrieval,

1Annotation: a comment attached to a particular section of a
document. Many computer applications enable you to enter anno-
tations on text documents, spreadsheets, presentations, and other
objects. This is a particularly effective way to use computers in a
workgroup environment to edit and review work. From Webopedia
(http://www.webopedia.com).

discovery and composition as well as for reasoning and min-
ing (Siva et al. 2003; Berendt, Hotho, and Stumme 2002).
Semantic annotation is mainly synonym of linking data to
concepts of an application domain ontology in order to ex-
plain the meaning of data schema or data values. Examples
of more or less explicit semantic annotation in KDD can be
found in (Kargupta et al. 2004; Phillips and Buchanan 2001;
Cespivova et al. 2004; Hotho, Staab, and Stumme 2003;
Natsev, Naphade, and Smith 2004; Verschelde et al. 2004,
chap.23). Semantic mapping between ontologies of data val-
ues is proposed in (Caragea, Pathak, and Honavar, V. 2004)
to answer statistical queries needed by learning algorithms
from heterogeneous data.

A slightly different approach is to attach annotations
to a whole dataset, to describe different kinds of task-
independent properties, like mean, variance, or statisti-
cal distribution of data (Brazdil, Soares, and Costa 2003;
Kalousis and Hilario 2001), or task-dependent properties,
like the geometric characteristics of the decision border for
classification tasks (Diamantini, Potena, and Panti 2005b).

Besides raw data, in order to manage a CKDD project,
there is also information about the whole KDD process and
intermediate data generated during the process. Information
about the process involves, in addition to the business and
KDD goals, also the performances of the process. Informa-
tion about intermediate data involves: tool call, parameters
used in the call, their outputs, and performance indices. As
far as we know, no work in the literature is available regard-
ing the management of intermediate data. In (Diamantini,
Potena, and Panti 2005a), we propose to manage intermedi-
ate data together with the management of different versions
of the same process.

Tools Description
The design of a KDD process is characterized by an intrin-
sic complexity principally due both to the huge amount of
tools the user can choose and to the expertise needed facing
various KDD tasks. Assuming a repository of KDD tools
is available to the user, he/she has to pass through different
activities in order to manage his/her KDD processes: he/she
has

• to browse the tool repository and to obtain information
about the tools;

• to easily introduce in the repository new algorithms or re-
leases;

• to choose the more suitable tools on the basis of a num-
ber of characteristics: tools performances (complexity,
scalability, accuracy), the kind of data tools can be used
for (textual/symbolic data, numeric, structured data, se-
quences, ...), the kind of goal tools are written for (data
cleaning, data transformation, data mining, visualization,
...) the kind of data mining task (classification, rule induc-
tion, ...);

• to prepare data conforming to the tool input format;

• to manage the execution of the tool, in particular to prop-
erly set tool parameters for the data and problem at hand;

• to design the KDD process by tool composition.



Figure 2: DTD schema of the KDTML.

To the best of our knowledge tool description is lim-
ited either to free text accompanying the tool or to struc-
tured definition of object interfaces of Object-Oriented tool
libraries (Witten and Frank 2005; Grossman, Hornik, and
Meyer 2003), while no description is given of tool func-
tionalities, performances, etc. A first language proposal for
KDD tool description is given in the context of a service ori-
ented KDD environment (Potena and Diamantini 2005). The
language, called Knowledge Discovery Tools Markup Lan-
guage (KDTML) allows to describe: (1) tool location and
execution, (2) tool I/O interface, (3) KDD software mod-
ules that can be linked up with the described tool, and (4)
tool categorization with respect to a KDD taxonomy. Fig-
ure 2 shows the DTD related to KDTML, while examples of
KDTML description of tools are available at the Knowledge
Discovery in Databases Virtual Mart (KDDVM) project site
http://babbage.diiga.univpm.it:8080/axis/.

A KDD process is not a simple sequence of events, but
it is typically characterized by cycles and backtracking,
by conditional choices and, especially in a collaborative
project, by parallel and distributed tasks. All this charac-
teristics allow to view a KDD process as a workflow where
actors can work either jointly, dealing with the same task,
or independently, facing with different problems in paral-
lel and sharing only results (i.e. models or any other in-
termediate information). In the literature, few works fo-
cus on Data Mining tools composition in open environ-
ments (Fermandez et al. 2002; Ali, Rana, and Taylor 2005;
Curcin et al. 2002). In particular in (Curcin et al. 2002),
authors introduce an XML-language, called Discovery Pro-
cess Markup Language (DPML), for describing KDD work-
flow in the Discovery Net project. Such a language allows
users both to identify tools to be executed and to annotate

the whole workflow. At present, we are studying how to
describe a workflow of KDD web services using the Busi-
ness Process Execution Language for Web Services (WS-
BPEL) (Business Process Execution Language for Web Ser-
vices 2006). We are also investigating the exploitation of
WS-BPEL in order to describe single steps of a KDD ser-
vice.

Model Representation
Model represents the discovered knowledge that, besides to
be novel, valid and potentially useful, has also to be under-
standable to humans (Fayyad et al. 1996). A model is not
only the main outcome of a KDD process, it is even part
of the knowledge needed to enhance the same KDD process
or a new one: as a matter of fact, the knowledge of KDD
experts derives from past experiences from using DM tools,
managing data and getting models together with their per-
formances. Hence, a model can be viewed as a new piece
of knowledge augmenting our understanding of a business
domain. In this respect, it is desirable to have methods and
techniques allowing models to be searched and exploited by
non-expert humans, or machines implementing intelligent
support services (Krishnaswamy, Zaslasvky, and Loke 2003;
Sarawagi and Nagaralu 2000).

KDD models can assume different forms, depending upon
Data Mining tasks and techniques, e.g. association rules, de-
cision trees, and so on. Furthermore, several models (possi-
bly of different types) can be associated to the same data
set, due to the application of different algorithms. Thus,
models have not a standard form and have a great seman-
tic content. For these characteristics, it is worthwhile envis-
aging an explicit model storage. In CKDD environments,
standard model representation is also needed in order to in-
tegrate different models and to exchange results. The prob-
lem of model representation and management is an open re-
search problem (Grossman, Hornik, and Meyer 2003). In
the literature, besides the Predictive Model Markup Lan-
guage (PMML) (Data Mining Group - Site 2006), that is
mainly devoted to classification models description, there is
no other proposal for model representation languages.

CKDD Support Services
In a collaborative project, team members do not share the
location of their office but their relation is expressed in
more indirect way by various kinds of devices, e.g. mo-
bile phone, personal digital assistant, notebook and so on.
Such a scenario needs to be built on a open environment,
ensuring the communication among participants apart from
the interface they use. In the recent literature, various au-
thors proposed environment supporting the open collabora-
tive working (Demchenko, De Laat, and Tokmakoff 2005;
Jiang et al. 2005; Gross 2003). In the particular area of
CKDD, it is also necessary to define an environment sup-
porting users in specific KDD activities, like: building a
repository of KDD tools, browsing the repository, manag-
ing and understanding the input dataset, setting the tool pa-
rameters and activating it, managing the KDD whole pro-
cess and its versions, representing the models in a under-



Figure 3: Knowledge Discovery in Databases Virtual Mart:
main services and their interactions.

standable form, and so on. Open support environments pro-
posed in the recent literature are based on open architec-
ture like Grid (Cannataro 2003; Cannataro and Talia 2003;
Curcin et al. 2002; Brezany et al. 2003) and Service-
Oriented Architecture (Kumar et al. 2004; Krishnaswamy,
Zaslasvky, and Loke 2003; Grossman and Mazzucco 2002;
Ali, Rana, and Taylor 2005). Such proposals are mainly fo-
cused on supporting the data mining phase. In order to sup-
port users in the design of a whole KDD project, we are
working on the development of an open environment based
on the service-oriented paradigm, called Knowledge Dis-
covery in Databases Virtual Mart (KDDVM) (Diamantini,
Potena, and Panti 2005a).

KDDVM is based on three layers of services: basic ser-
vices, support services and advanced services (see Figure
3). Basic services are all the algorithms possibly involved
in a KDD process, from data manipulation, exploration and
analysis, to model induction and exploitation, to visualiza-
tion of results. Description of each basic service is main-
tained in the registries of the Broker Service, which have the
functions of registration and binding typical of the Web Ser-
vice architecture. The broker can then be queried directly
by the user, to have a simple map of available services and
their properties, or by other services to implement the other
features of the system. In particular, the Workflow Manager
service(WMS) is introduced to manage the composition of
services. The formation of a KDD process is viewed as the
creation of a workflow, that can include conditional choices,
cycles as well as concurrency and synchronization. This ser-
vice interprets the workflow, verifying its syntactic correct-
ness and activating the necessary services. The WMS inter-
acts with the Syntactical Link Verification service to verify
and translate the process and with the Link Adapter service
to prepare the data conforming to the input format of the ser-
vice called. The adoption of the service oriented paradigm
guarantees that new tools can be developed and easily in-
serted in KDDVM. In order to plug already existing tools
into the KDDVM, without modifying or rewriting the code,
users should develop a specific wrapper for each tool, that
is an interface to link the new tool and the KDDVM. How-

ever, it is unpractical to develop the wrappers manually, be-
cause it is a time consuming and error-prone task, further-
more a KDD expert is often not a programming expert. For
this reason, the Automatic Wrapping service (AWS) is intro-
duced, which is devoted to the automatic creation of specific
wrappers encapsulating the software modules, that can then
be viewed and exploited as services (Potena and Diamantini
2005).

Over these core functionalities more advanced services
are built, whose major goals are to give intelligent support
to naive users, and to extensive experimentation by the man-
agement of versioning. The versioning management princi-
pally involves the management of the Middle DB, a database
storing information about the whole process and the in-
termediate data generated during the process. Information
about the process involves: the business domain(s) it is used
for, the business and KDD goals and the performance of the
process for each domain and goal. Information about inter-
mediate data involves: the initial input data, the basic ser-
vices call, the parameters used in the call, their outputs and
performance parameters. Depending on the size of data, the
cost of the computation and other characteristics of the ser-
vices like the waiting time, inputs and outputs data can be
either stored in explicit form or not. A special type of out-
put is given by the models generated by Data Mining algo-
rithms. To join a process with its performance indexes, the
architecture needs an advanced service named Assessment
service. The Assessment service interacts with the Middle
DB Manager to extract all the possible performance indexes:
the algorithms performance estimators (e.g. error probabil-
ity, precision and recall) and the computational indexes (e.g.
execution time and memory). This information can, in case,
be enriched also by some form of feedback and notes by the
users. The information contained in the Middle DB is ex-
ploited to help the user in KDD process composition, both
by taking advantage of the reuse of previously executed pro-
cesses and by giving proactive support to reduce the knowl-
edge gap between business and KDD domains. To do this, a
service for finding similarities between sub-processes is in-
troduced, called the Versioning Manager service (VMS). In
the case an autonomous user has already designed a process,
the WMS can interact with the VMS to look for identical
subsequences stored in the Middle DB. If they are found,
then the user can exploit the work already done. Similar
subsequences can also be useful, for instance the user can
reuse the subsequence on different data, by exploiting previ-
ous parameter setting, or they can be presented as a sort of
running example to explain the basic service use and scope.
In this direction, similarity search become an important tool
also to proactively support users. We can go a step further,
by considering similarities not only with respect to subse-
quence composition, but also with respect to the goals and
domains they are used for. Definition of similarities among
business domains, data structures and types, data mining
and business goals, allows us to introduce Meta-Learning
services, that are able to define relationships among clus-
ters of similar data, classes of algorithms and business goals
(Diamantini, Potena, and Panti 2005b). This information is
stored in the Middle DB and is exploited by a set of services,



named case-based support services, that can suggest to the
user tools and/or subsequences possibly suitable to his spe-
cific case. For instance, a domain expert can be assisted in
mapping his business goal into some data mining goals, by
comparing the present business domain with those of previ-
ously executed processes. The system can suggest the tools
which have been demonstrated the best performance on sim-
ilar domains or similar kinds of data. Finally, it can suggest
how to proceed in the process construction, by showing the
services or whole sub-processes most frequently used start-
ing from that point. The advantage of this similarity search
function is leveraged in an open collaborative scenario. As
matter of fact, the Middle DB can be easily thought of as
a distributed database (given by the union of different Mid-
dle DBs already populated by various users) and, therefore,
the user can search the best tools, for his goals, in a large
repository even if he has only few positive trials or he is us-
ing the system for the first time. Furthermore, linking the
data of the Middle DB with the user has produced them, we
can evaluate the best tools, not only according to the indexes
produced by the assessment service, but also on the basis of
the reliability of the user. In order to realize the proposed
services, it is fundamental to have descriptions of both the
application and KDD domains, that is to have at disposal
KDD Ontology, Business Ontology and Team Ontology.

Conclusion
This survey analyzes the Collaborative Knowledge Discov-
ery in Databases environment, from the point of view of
exchanged knowledge. Indeed knowledge exchange is the
main issue of any collaborative project. In order to have
a complete view on the knowledge involved in a CKDD
project, we categorized activities managing knowledge w.r.t.
both the kind of interface involved and their role in the
KDD process. This analysis allows us to put in evidence
a main difference between classical and collaborative KDD
process. As a matter of fact, while the KDD process is
classically defined as an interactive process involving ma-
chines for computing intensive activities on huge amount of
data, the collaborative KDD field is characterized by a lot
of activities among humans. Nevertheless, such categoriza-
tion shows that, from the Business Understanding phase to
the Deployment one, the knowledge involved in a CKDD
project mainly concerns: domains, data characteristics, tools
and models. Then, we analyzed the literature in order to
both discuss how such knowledge is represented, and what
services are defined for building, sharing and managing it.

Such a discussion put in evidence that in the literature
there are various works on services supporting user in each
step of the KDD process, but few works on the support of
collaboration among different actors in CKDD project ex-
ist. Nevertheless, few supporting environment have been
designed for the specific field of CKDD. For this reason,
we also presented a proposal of service-oriented KDD en-
vironment we are developing, named Knowledge Discovery
in Databases Virtual Mart (KDDVM). Such environment is
based on an explicit representation of knowledge and infor-
mation and on a set of supporting services devoted both to
facilitate the exploitation of KDD tools and to reduce the

knowledge gap among the different experiences of actors of
a CKDD project.
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