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ABSTRACT
The visual analytics process model [3] became the most
widely used model in visual analytics research during the
past decade. A plethora of approaches have been presented
that integrate visualizations and automatic modeling tech-
niques. Yet today, we consistently face the problem to ex-
plain approaches to non-VA-experts in terms of properties
that are specific to visual analytics. At the theoretical level
of the visual analytics process model, visual analytics prop-
erties are reduced to a single connection (i.e. between vi-
sualization and model, see Figure 1). This does not suffice
to explain the variety of approaches. Explaining visual an-
alytics at a concrete level by using examples is unsatisfy-
ing as well. Firstly, it requires a considerable focus on the
details of visualization and modeling techniques, which are
already covered by other fields. Secondly, this strategy ac-
tually masks the underlying ideas of visual analytics that
are independent from analytical technique, implementation,
or application.

We posit a lack of theory between these two levels of
abstraction. We expect such a theory (1) to explain why
a technique is a visual analytics approach, (2) to explain
(”hands-on”) where existing techniques can be turned into
visual analytics approaches, and (3) to explain the differ-
ences and similarities by parsimonious properties that are
not being adopted from other fields of research.

The work closest to such a theory is the survey compiled
by Bertini and Lalanne [1]. They distinguish and name
different patterns to integrate visualization and automated
techniques. We took Bertini and Lalanne’s results as a start-
ing point to refine its terminology. Their survey does not fo-
cus on potential similarities and underlying building blocks.
In addition, we were interested if pattern definitions can be
based on common, fundamental concepts. To narrow our
scope, we focus on visualizations integrated to modeling ap-
proaches. We refined the terminology in three steps. Firstly,
we were interested if (some) patterns can be defined in terms
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of a common terminology. Secondly, we extrapolated this
terminology to hypothesize about other potential patterns.
Finally, we surveyed if these potential patterns actually have
been implemented in recent approaches.

The basis for our terminology is a generic decomposition
of an algorithmic modeling approach by Fayyad et al [2]. We
observed that many approaches can be described in terms
of linked visualizations that show different modeling com-
ponents (Figure 1, center shows one of these patterns). We
distinguish patterns by the combination of components that
are visualized or even modified by visualizations.

Our patterns are idealized building blocks to support au-
tomated modeling techniques with visualization. These pat-
terns help us structuring the visual analytics solution space.
Furthermore, they expose the leverage points to improve or
modify existing techniques.
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Figure 1: The Visual Analytics Process Model
(Strategy 1) represents the abstract idea of integra-
tion. Presenting lots of examples (Strategy 3) shows
the variety of approaches, but it masks VA concepts
that are independent from techniques, implemen-
tation, or application. We prepose a terminology
on the intermediate level that is able to distinguish
patterns of integrating visualization (right) into the
modeling process (left).


