ScagExplorer: Using Scagnostics to cluster huge datasets

Tuan Nhon Dang*
University of lllinois at Chicago

ABSTRACT

We introduce a method for guiding interactive exploration of high-
dimensional data. The method is based on nine characterizations
of the 2D distributions of orthogonal pairwise projections on a set
of points in multidimensional Euclidean space. These characteriza-
tions include measures such as, density, skewness, shape, outliers,
and texture. Using with these measures, we can quickly generate a
comprehensive summary of the 2D relations of variables in a large
dataset with more than a hundred dimensions.

1 INTRODUCTION

Previous researchers have applied data-driven approaches to
moderate-sized collections of scatterplots [8, 3]. The scale of these
efforts has been constrained by display limits and computational
complexity. In this poster, we have developed an alternative ap-
proach in order to deal with the scalability problem for SPLOM:s in
terms of data sets larger than one hundred dimensions. Our goal is
to be able to organize these plots into meaningful subsets in reason-
able time and to present these plots to users in a rich exploratory
environment.

Our contributions in this poster are: We have proposed a way
to retrieve similar scatterplots to a plot of interest-based euclidean
distance in scagnostics space. And we have developed a dynamic
algorithm that leverages force-directed graph methods to cluster the
leader scatterplots which are obtained from the leader algorithm [4].

2 RELATED WORK
2.1 Scagnostics

Scagnostics were introduced by Tukey and Wilkinson. The
scagnostics measures depend on proximity graphs that are all sub-
sets of the Delaunay triangulation: the minimum spanning tree, the
alpha complex, and the convex hull. The graph-theoretic imple-
mentation of scagnostics are described in details in [8].

2.2 Feature-based Approaches

Seo and Shneiderman [7] computed statistical summaries (means,
standard deviations, etc.) on univariate and bivariate distributions
and then ranked them in order to identify similar distributions.
Other researchers have developed scagnostics-type measures for
parallel coordinates, pixel displays, and other graphics [2, 6].

Yang et al.[9] proposed a Value and Relation (VaR) technique
explicitly conveying the relationships among the dimensions of a
high dimensional dataset based on the data values in each dimen-
sion. The VaR technique helps users grasp the associations among
dimensions. However, this technique fails to capture more compli-
cated relations that can be captured by ScagExplorer.

TimeSeer [1] uses scagnostics for organizing multivariate
time series and for guiding interactive exploration through high-
dimensional data. TimeSeer consists of 2 systems: a SPLOM
viewer and a time series viewer. The SPLOM viewer provides a
guidance for selecting interesting pairs of variables. Then, the time
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series viewer can graph scagnostics time series of selected pairs of
variables.
3 SCAGEXPLORER COMPONENTS

This section explains our approach in detail. Figure 1 shows a
schematic overview:
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Figure 1: Schematic overview of ScagExplorer.

1. Processing: Our approach computes nine scagnostics mea-
sures of each scatterplot in the input SPLOM. Then, scatter-
plots are clustered based on scagnostics space.

2. Visualization: The leader plots in each cluster are displayed
in the force-directed layout.

3. Interaction: Users can select a leader to see all similar plots
in that cluster or filter scatterplots by their features.

3.1 Dissimilarity of Two Scatterplots

The dissimilarity of two scatterplots (S and P) is computed by the
following equation:
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where S and P are two arrays of nine scagnostics of the two scatter-
plots and W; is the weight of each scagnostics measure (user input).

3.2 Clustering Algorithm

The scatterplot matrix is a useful tool for displaying the correlation
between a pair of variables. However, it is easy to run out of space
as the number of variables increases. There are several solutions to
deal with this scalability problem including dimension reduction,
lensing [1], and SPLOM reordering [8, 5]. We use the leader algo-
rithm [4] to cluster scatterplots. The complexity of this algorithm
is O(p) or O(+?) compared to O(v3) of Lehmann’s reordering al-
gorithm (where p is the number of scatterplots and v is the number
of dimensions).

3.3 Displaying the leader scatterplots

After having clusters and their leader plots, we now use the force-
directed layout to place them on a 2D view. The advantages of
force-directed layouts are intuitiveness, flexibility, and interactivity.
The main disadvantage is high running time. Since for every plot,
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Figure 2: Visualizing the Communities and Subway. Left frames: overview layout. Right frames: Leader plots are aligned on X-axis (Monotonic).

we have to compute the attraction or repellant against all other plots,
the running time at each iteration is O(1?) (where [ is the number
of leader scatterplots). However, [ is much smaller than p and we
can control the clustering algorithm so that it generates a reasonable
numbers of leader plots (less than 100 leader plots). This running
time is not remarkable.

Figure 2 shows how we display the leader plots of two differ-
ent datasets in the forced-directed layout. The Communities data
set has 128 dimensions (8128 scatterplots, each scatterplot contains
1994 data points). The Subway data set has 104 dimensions (5356
scatterplots, each scatterplot containing 423 data points). In partic-
ular, the frames on left summarize thousands of scatterplots in each
dataset. The size of each leader plot is computed based on its clus-
ter size (or the number of scatterplots in each cluster). The Kelvin
temperature color scale is adopted to highlight Monotonicity (red
plots are high Monotonic). In the frames on right, we aligned the
leader plots on X-axis based on their Monotonicity. This alignment
reveals the density distribution of scatterplots on Monotonicity. No-
tice that we have requested to display the number of scatterplots in
each cluster on top of each leader plot. We also use circles instead
of rectangles to present scattetplots. This option creates a better
effect on displaying density compared to rectangle shapes. The
forced-directed layout makes transitions from left frames to right
frames smoothly.

4 CONCLUSIONS

ScagExplorer is a visual tool for analyzing high-dimensional
datasets. The benefit of our approach is the compression we achieve
by collapsing similarity searches from O(n) to O(1) through the use
of scagnostics. The associated plots of the clusters are coherent.
That is, they are directly comparable with each other in terms of
similar shapes/distributions since we measure the relevant plots by
inspecting all of their scagnostics. Instead, other approaches [5, 7]
look at one measure at a time. Moreover, we implemented a quick
clustering algorithm [4] with the complexity O(v?) where v is the
number of variables in the data. This provides ScagExplorer with
the scalability to handle huge datasets with hundreds of dimensions.

But there is also a drawback of the approach: one problem of
the forced-directed layout is that random initial layout would yield
different clusters of coherent plots. Therefore, different runs end
up with different configurations. However, the final configurations
of the same data are consistent because relevant leaders are grouped
together. This provides a comprehensive summary of the input data.
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