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statisticians about confirming or rejecting an identified
hypothesis, rather than discovering new knowledge within data.

ABSTRACT
A recent study has estimated that the "digital universe" has grown
by a factor of nine since 2005 to 1.8 zettabytes (1000 million
terrabytes) of data in 2011. Despite this improving ability to store
data, it has been suggested that there has been little corresponding
improvement in the availability of knowledge. This predicament
arises since our capacity to generate and store data by far exceeds
our current ability to explore and analyse these vast volumes.
Visual approaches to data mining have attempted to address this
problem by exploiting human perception in the discovery of
interesting and meaningful patterns in abstract data. Through
visualisation data may be explored directly and intuitively to gain
new insights and to draw cogent conclusions. Visualisation also
helps to promote confidence and trust in data mining models and
to justify actions taken in light of those models. Although
visualisation has proved an effective technique in this regard, as
yet little other than guidelines exist to support the development of
visual data mining tools. In view of this shortcoming, this paper
explores the rationale for constructing a generic framework for the
development of visual data mining tools that would attempt to
tightly integrate visualisation with data mining techniques. This
paper also identifies a programme of research that will lead to the
construction of such a framework.

Statistical methods are also focused on problems that typically
involve much fewer variables and cases than maybe encountered
in many databases [8]. Even a simple database recording an
organisation’s day-to-day transactions will now typically involve
datasets of large volume and dimensionality, reflecting the huge
growth in stored data as documented in a recent study by Gantz
and Reinsel [12]. As a consequence of the limitations of
statistical methods when applied to such datasets, new techniques
for extracting patterns from data have emerged. Collectively,
these techniques have become known as data mining methods.
Data mining has been defined as the “nontrivial process of
identifying valid, novel, potentially useful, and ultimately
understandable patterns in data” [9]. Data mining is therefore
concerned with the discovery of new knowledge within data
rather than using data to verify existing knowledge, as in statistics.
Patterns within datasets are discovered by applying machine
learning methods which include classification [27], associations
[2], clustering [11] and sequential patterns [23]. However, a
central problem in the knowledge discovery process is the
identification of patterns that reflect the data analyst’s interests
and purposes. Indeed, the success of the data mining process is
largely dependent upon the availability of the data analyst’s
insights and biases, even though the process may use
unsupervised learning algorithms [16]. Through interaction with
the data mining process, data analysts are able to filter out
irrelevant patterns and direct the selection of appropriate learning
algorithms in an iterative process of knowledge discovery.
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One approach for human-computer interaction of particular
relevance to data mining is visual analytics [16]. Thomas and
Cook [33] define visual analytics as “the science of analytical
reasoning facilitated by interactive visual interfaces”. Over the
last 21 years, a variety of visualisation techniques have emerged
that incorporate a visual interface that facilitates interactive
browsing and analysis of data. Examples of such applications
include Tree Maps [14], Cone Trees [28], Hyperbolic 3D [25] and
VisAware [20]. The basic premise upon which all of these
applications are based is that patterns, trends and relationships are
often identified more easily if data is graphically presented.
Visualisation is the first and foremost act of cognition that allows
us to create patterns or impose order [21] and is widely considered
the most effective approach for transforming complex data into
information [1]. A classic example of the benefits of shifting the
cognitive load to faster, visual processes is provided by Snow's

Knowledge

1. INTRODUCTION
Traditional statistical methods have been available as tools for
data analysis long before the advent of computers. However, the
efficacy of these tools when applied to datasets stored within
machines is limited because of their primary focus on the testing
of hypotheses. This focus reflects the traditional concern of
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[31] dot map. Using a visual metaphor rather than a textual or
tabular representation allowed Snow to clearly demonstrate a link
between an outbreak of cholera and a single water pump in a
London street.

explore, test and modify the mining models they develop [18].
The iterative nature of model development suggests that users also
require a history of their exploration and interaction with models
[26]. However, developing features that allow users to compare
results between models is an area in need of further research and
evaluation [16]. By providing mechanisms that promote
understanding and trust and that support the exploratory and
iterative nature of model development, the predictive quality of
these models may be similarly enhanced.

Visual data mining (VDM) tools have been developed as a means
of analysing large datasets to identify hidden patterns and
relationships. VDM adopts a human-computer collaborative
approach and combines visualisation techniques with data
mining’s analytical, mathematical and statistical methods to
facilitate the intuitive extraction of hidden knowledge from data
[17]. It aims to integrate the user by applying their flexibility,
creativity and domain knowledge in the data exploration process.
VDM concerns not only the presentation of the results of data
analysis, but also the exploration of the underlying datasets and
the mining models employed. However, as data mining becomes
more extensive in industry and as the number of automated
techniques employed increases, there has been a tendency for
these models to become more complex [32]. In order to prevent
data mining models from becoming unfathomable diviners of
hidden knowledge, it is essential to develop techniques that
consolidate automatically generated data mining knowledge with
experts’ domain expertise [4, 30]. In the absence of such
techniques, there is a danger that important strategic decisions
may be made without fully understanding the reasoning behind
them. Thus the motivation behind the visualisation of data mining
models can be summarised as issues concerning understanding
and trust [32]. If data mining models can be appropriately
visualised, users may be more able to reason about the underlying
assumptions upon which these models are based and as a
consequence, assess the efficacy of such models within a problem
domain.

2.2 Providing Re-useable Components
To maximise the potential that visualisation techniques may
afford it will be necessary to tailor visual representations to the
specific needs of users and their problem domain [13]. In contrast,
researchers often seek more generic solutions in the hope that they
may be more widely applicable [26]. While successful
visualisations often re-use established techniques, they also
require customisation to specific problem domains [19]. This
suggests that a toolbox approach may be advantageous, in which
common re-useable visualisation solutions may be applied to a
variety of customised applications. Although attempts have been
made to fill this gap [5, 10], very few visualisation tools provide
more than a library of existing visualisations from which the user
selects. To more fully address this issue, data analysts require a
set of re-useable components for building novel customised visual
designs [18].

2.3 Evaluation of VDM Tools
To promote a more wide-spread adoption of visual approaches to
data mining, it has been suggested that researchers tackle real
problems in partnership with business and government
organisations [26]. This approach also provides more realistic
opportunities to evaluate the potential and limitations of VDM
tools. Case studies involving VDM tools in realistic settings have
in particular been a neglected area of research [15].

Cognitive research suggests that the design of visual
representations and the mechanisms that facilitate interaction with
them can influence the data analyst’s conceptualisation of the
phenomenon represented [22, 24]. A key research problem in
visualisation is to discover “expressive and effective visual
metaphors for mapping abstract data to visual forms” [7].
Providing appropriate tools that enable data analysts to understand
multi-dimensional, multivariate datasets and which facilitate the
extraction of useful patterns from such data is a problem of ongoing research [18].

2.4 Principles and Methodology
Although there are indications that the field of visual analytics is
maturing [29], to date little other than guidelines exist to support
the development of software solutions to problems concerning
visualisation [3]. This shortcoming suggests that principles for
generating visualisations that are applicable to a diverse range of
end-users and a methodology for solving visualisation problems
are required. A set of principles and a methodology would also
provide a framework for a more complete understanding of the
field and assist in the development of novel visualisation
techniques [18].

2. CHALLENGES AND RESEARCH
OPPORTUNITIES IN VISUAL DATA
MINING
A preliminary review of current literature concerning visual data
mining has revealed the following opportunities for future
research.

3. PROPOSED RESEARCH AND AGENDA
3.1 Objectives

2.1 Promoting Understanding and Trust

Based on the current research opportunities presented above, it is
proposed that a generic framework for the development of VDM
tools should be constructed. This framework would attempt to
tightly integrate visualisation and data mining techniques with the
objective that VDM tools developed from within this framework
would better support data analysts in the following activities:

Data mining applications are often deployed amongst a diverse
and potentially non-technical end-user community. In contrast,
data mining algorithms and the models they generate have tended
to increase in complexity at a pace often not matched by
visualisation tools. However, unless appropriate visual metaphors
are integrated into data mining applications that promote
understanding and trust, the models and the results they generate
must be accepted on faith. A key challenge then is to exploit the
end-user’s innate visual processing capabilities to improve the
transparency of data mining models. Promoting understanding and
trust will also require mechanisms that enable the user to interact
with visualisations dynamically, allowing users to iteratively

•
•
•

The specification of data mining models
The analysis of data mining models
The evaluation of data mining models

3.2 Research Questions
In order to construct this framework it is suggested that the
following research questions need to be addressed:
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•

•
•

within the R programming environment. It consists of a set of
function wrappers written in R’s source language that pass data
and parameters from the R environment to an Oracle Database via
an Open Database Connectivity (ODBC) interface.

How can visual metaphors be designed so that they promote
understanding and trust in data mining models and provide a
basis for set of re-useable components for building novel
customised visual designs?
What mechanisms will support data analysts in the
comparison and evaluation of the data mining models they
develop and the results they generate?
How can these mechanisms and visual metaphors be
incorporated into a conceptual framework that will support
the development of effective VDM tools?

The RODM interface will be used as an environment for the rapid
development of VDM tools for selected problem domains and to
attempt to address the research challenges identified above. Each
VDM tool created in this integrated environment will be evaluated
using a case study. An important evaluation criterion will be the
ability of data analysts to discover new knowledge as a
consequence of applying VDM tools developed from the
framework.

3.3 General Approach
The design of the framework will be initially guided by research
from several fields including the seminal work of Bertin [6] and
MacEachren [21] in their studies on semiotics and graphical
representation. Other significant fields of inquiry will include data
mining, visual analytics and human computer interaction. The
development of VDM tools for several problem domains within a
design science research context will help to further refine the
content of the framework. In this way, the knowledge derived
from the instantiation of the VDM tools themselves will
contribute to the development of the framework. Case studies set
in real problem domains will provide a useful vehicle for
evaluating the efficacy of a framework for the development of
appropriate visualisation tools.

4. RESEARCH METHODOLOGY
It is suggested that a mixed method approach be adopted for this
research that combines two qualitative techniques; action research
and exploratory case studies.
In the proposed research, data analysts within two target
organisations will play a crucial contributory role in design of
appropriate visual metaphors that will be incorporated into a
customised VDM tool tailored to their specific needs. Thus action
research could provide a viable framework as a basis for this
collaboration as well as delivering a mutually satisfactory
outcome.
An exploratory case study will be conducted within two target
organisations. Each case study will draw upon primary, qualitative
and quantitative data sources in the form of interviews with
employees, observation of their business procedures and the
analysis of datasets used in each target organisation. Action
research will assist in promoting a collaborative setting in which
to develop appropriate visual metaphors and VDM tools.

3.4 Technical Considerations
From a technical perspective, these tools will be constructed by
extending the functionality of a chosen data mining application
(Oracle Data Mining) with advanced and novel visualisation
techniques, created and presented from within R; an open source
programming language and software environment for statistical
computing and graphics.

5. SUMMARY

Oracle Data Mining (ODM) provides a rich variety of data mining
algorithms for classification, regression, clustering, attribute
importance, association and feature extraction. It also allows
developers to fully expose mining models, parameter settings and
generated results.

The goal of the proposed research is to construct a generic
framework for the development of visual data mining tools that
will used to dynamically explore multi-dimensional, multivariate
datasets and the mining models employed. To achieve this goal a
number of research questions have been defined. These include
determining appropriate mechanisms and visual metaphors that
improve the transparency of and promote trust within data mining
models. These mechanisms will attempt to support the iterative
nature of model development by allowing results between mining
models to be compared. In addition, the applicability of adopting a
toolbox approach in which data analysts are able to tailor common
re-useable visualisations for a variety of problem domains will be
determined. These research questions will be addressed by
conducting action research within a number of exploratory case
studies. In addressing these research questions data analysts
should possess more effective tools with which to more fully
realise the goal of knowledge discovery.

The R statistical programming environment enables the creation
of sophisticated graphics and statistical analyses, as shown below.
It contains a large set of built-in functions to build custom
applications.
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