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ABSTRACT

We introduce a new visual analytic framework based on the L∞

norm. This framework involves a 3-operator algebra on hyper-
rectangles. The We have developed a visual analytic system that
generates set-wise rules from simple gestures in an exploratory vi-
sual GUI. Logging these rules allows us to apply our analysis to a
new sample or batch of data so that we can assess the validity and
reliability of our visual model. As an example of this technology,
we present an interactive application for visually detecting conflict
Wikipedia. We chose the Wikipedia database to illustrate this ap-
plication because of its feature richness and relatively large scale.

CR Categories: H.5.2 [User Interfaces]: Graphical
User Interfaces—Visualization; I.3.6 [Computing Methodologies]:
Computer Graphics—Methodology and Techniques;

Keywords: visualization, statistical graphics

1 INTRODUCTION

Illuminating the Path [20] defines visual analytics as “the science
of analytical reasoning facilitated by interactive visual interfaces.”
Many have pointed out the unique strength of visual analytics for
this purpose – they exploit the highly evolved pattern detection ca-
pabilities of the eye. Visual pattern detection involves a rich envi-
ronment of features loosely coupled to a diverse set of rules.

The strengths of visual analytics expose their weaknesses, how-
ever. It is difficult to construct a visual tool that can be used to
identify similar structure in different datasets. When data arrive
over time in batches (credit inquiries, purchases), or when data ar-
rive in a continuous stream (phone and web logs, remote sensing
data), or when we wish to generalize to a population (experiments,
surveys), we cannot visually examine every new piece of evidence.

To cope with this situation, we must find rules we can apply
algorithmically to a new sample. Classical and Bayesian statisti-
cians employ parametric or distribution-free models for this pur-
pose. Most statistical packages help with this process. They use
scripting languages to estimate models and apply them to new sam-
ples of data.

The research presented here explores a new approach that mar-
ries visual analytics and inference. We have constructed an envi-
ronment that facilitates interactive visual exploration and generates
a set of rules from visually-oriented actions that can be applied to
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new data. We are visually identifying structure and formally defin-
ing it so that we can query unseen data for similar structure. Our
method is neither model nor distribution based.

The basic idea is to design an analytic system around rectangu-
lar description regions. The composition of these regions (using
three operators) can be used to define local and large-scale struc-
tures and provides the basis for a formal description of structures
suitable for visual analytics. Users may interactively select outliers,
clusters, trends, and other configurations of multidimensional data
points and apply their selections to new sets of points in a single
click. We discuss tools and architecture that contribute to a familiar
user experience while facilitating data exploration and model gen-
eration.

2 LOCAL AND LARGE-SCALE STRUCTURES IN VISUAL AN-
ALYTICS

While the union of open scherical balls is used for defining a basis
for the the L2 Euclidean metric topology, we can alternately use the
union of open hypercubes to define the L∞ metric topology. In this
paper, we employ the L∞ or sup metric:

||x||∞ = sup(|x1|, |x2|, . . . |xn|)

when we search for nearest neighbors in an L∞ space. In this search,
we are looking for all neighbors of a point at the center of a hyper-
cube of fixed size in a vector space. We can also devise analytics
in this metric. Statisticians have employed the L∞ norm for density
estimation. See [24], for example.

The following three definitions are central to this paper:
A rectangular description region is the collection of points a

fixed distance from a single point (called the center) using the
weighted L∞ norm:

||x||∞ = sup(w1|x1|,w2|x2|, . . .wn|xn|).

These are also called hyper-rectangles, or, more simply, rectangles.
We usually define these weights locally, so that different points in
a high-dimensional space can have different weights defining their
rectangles. This approach is similar to locally weighted statistical
models that specify different variances in different regions of space.

By a local structure, we mean the points defined by a single rect-
angle. By a large-scale structure, we mean the points defined by
two or more rectangles under the operations of union, intersection
and set-theoretic complement.

Rectangles defined by L∞ metrics have the following three prop-
erties which are fundamental for this paper:

1. Rectangles are naturally closed under the operations of union,
intersection, and set-theoretic complement.

2. Complex structures in data are well approximated by collec-
tions of rectangles under these three operations.

3. These three operations can be provided with simple, intuitive
user interfaces.



What benefits do we get from this alternative view? First, it sim-
plifies the specification of neighborhoods because they are product
sets of intervals. Our specifications can be expressed in a basic al-
gebra on intervals. In this way, we answer the question posed by
Wilhelm [23]: how can we express visual brushing operations in a
simple set of rules?

Second, it allows us to specify in simple expressions relatively
complex geometric objects through the union of hyper-rectangles.
Figure 1 shows how this works for a 2D object. The union of the
red rectangles is a fairly good cover for the set of points. Gao and
Ester [14] discuss this property further in the context of cluster anal-
ysis. We note, of course, that some shapes can require quite a few
rectangles for a good cover.

To summarize, rectangles can be used to define local structures in
data, as usual. Combining rectangles using the operations of union,
intersection, and set-theoretic difference can also be used to define
large-scale structures in data.

In this paper, we describe a system in which users can easily de-
fine local and large-scale structures in data visually and then query
unseen data for similar structures.

Although combinations of rectangles have been used recently to
define clusters in data mining [14], this is the first paper that we are
aware of that uses this technique in visual analytics.

3 RELATED WORK

Perhaps the most widespread use of rectangular description regions
is in recursive partitioning trees [5] [16]. These methods partition
a space into nested rectangular regions that are relatively homoge-
nous over the values of a predicted variable. Their popularity is due
in large measure to the two strengths we have mentioned in this sec-
tion. Our approach differs from these models, however, because it
is not restricted to a partitioning. Our description regions need not
be disjoint and exhaustive.

The article that introduced brushing [3] used a square brush. This
has become the common usage, even though a circular brush shape
is more consistent with the geometric assumptions used in classical
statistics. The original motivation for the square shape was compu-
tational efficiency, because the developers of the Bell Labs system
wanted the user to be able to move the brush rapidly through the
cells of a SPLOM. Interval selection for set inclusion is faster than
Euclidean distance-based selection. Our motivation for choosing
rectangular description regions is somewhat different. Using inter-
vals enables us to simplify the set-wise algebra on the original vari-
ables. An additional benefit for us is that they enable SQL queries
to a database for SELECT queries on new data.

Figure 1: Rectangular cover of 2D point configuration

4 USING THE L∞ NORM TO ANALYZE WIKIPEDIA

We will explain the design of a system to implement L∞ norm visual
analytics by telling a story. Our story has the goal of identifying
controversial Wikipedia pages. We visually derive a structure from
a sample of pages. Then we apply that structure to another sample
of pages.

4.1 Wikipedia Data

We began by downloading the complete English Wikipedia up to
November 2006. The database dump contains about 1.8 million
pages and the total size of the expanded MySQL database is close to
a terabyte. The tables relevant to our analysis were Page, Revision
and Text. These enabled us to investigate the revisions of a page,
corresponding editors, and the associated text.

We next selected eight features for measuring conflict in
Wikipedia Talk pages. We chose these from similar measures in
Spertus [18], who developed a classifier for hostile email messages.
We also consulted an online journal devoted to malefication [1].
And we consulted [17] [21] [19] [22] for measures peculiar to
Wikipedia.

1. bold: Number of bold characters in document.

2. upper: Number of upper case characters in document.

3. italic: Number of italic characters in document.

4. dirty: Number of dirty words in document.

5. indent: Maximum level of indentation (replies to replies to
replies ...) in document.

6. strikeout: Number of strikeout characters in document.

7. editors: Number of unique editors (Wikipedians).

8. edits: Frequency of edits per month.

In order to extract the first six measures, we built a rule engine
in Python using a regular expression for each feature. We extracted
the last two measures by using a one-month time window. The first
six measures were normalized by the number of words in the page.

We now describe the components of the visual system. We will
use these components to search for a region of the high-dimensional
space of Wiki features that characterizes highly controversial pages.
We begin with a single page that we guess will be controversial, we
look for L∞ neighbors, and then use set-wise operations to modify
our selection. Finally, we apply our rules to a new sample.

4.2 The Scatterplot Matrix (SPLOM) Window

Figure 2 shows the scatterplot matrix of features. We are looking
at a sample of 32,000 Wiki pages in one SPLOM. We implemented
a SPLOM display for our eight features and colored the diagonal
elements by a set of contrasting hues following rules outlined in [6].
Because we need to handle possibly millions of records, we used
hexagonal binning to populate the SPLOM [7].

The SPLOM has five controllers. The first controller allows the
user to select a single scatterplot cell by clicking with the mouse in
a cell. The remaining controllers are implemented in buttons at the
top of the SPLOM window. They allow the user to clear selections,
save rules, apply rules to new set of data, and show the text log of
the current rules.

We decided that the italic-uppercase window was interesting be-
cause it had outliers for both variables that could indicate a high
level of controversy. By clicking on this cell, we launched the Scat-
terplot window described in the next section.



Figure 2: Scatterplot matrix view

4.3 The Scatterplot Window

Figure 3 shows the scatterplot window. The scatterplot window has
five controllers. The first controller is a mouse-down rectangle se-
lection widget. This allows the user to define a selection rectangle
by dragging the mouse. The last four controllers are implemented
in buttons at the top of the window. Find Nearest allows the user
to select similar points (documents). The number of nearest neigh-
bors selected or the size of the selection hypercube are controllable
in a preference dialog. The remaining buttons implement the set-
wise operators for the L∞ algebra. Add implements the union op-
erator by adding points selected in the rectangle to the collection.
Remove implements the difference operator by removing selected
points from the collection. Restrict implements the intersection op-
erator by retaining points common to overlapping rectangles.

The figure shows our next action. We have selected an outlying
point and requested ten near neighbors of this point. Note that the
SPLOM and Scatterplot windows are linked so that the selected
points are immediately highlighted in red in both windows.

At this point, we notice that several L∞ neighbors are not out-
lying in this scatterplot. So we remove them by drawing a new
rectangle with the Remove button. Figure 4 shows this action.

Figure 5 shows our next action. We add in some points we
think are interesting. They have high indentation and a lot of dirty
words. The effects we see are that the number of editors stays con-
sistently low and a few pages with low italic count are selected in
the SPLOM.

4.4 The Table Window and the Text Window

The table window contains a grid of the eight features (columns)
and all the documents (rows). This window has three controllers.
The first is a sort method controller, implemented by clicking on
a feature column. The second is a partition controller, activated

by clicking on the first column, that moves all selected documents
(highlighted in yellow) to the top of the editor. The third controller
is activated by clicking on a row. It causes a text window to pop up
for the selected document.

The text window is a Java browser programmed to highlight text
in the colors used to designate features in the SPLOM window (fol-
lowing [11]). This makes it easy to locate blocks of text that corre-
spond to the features (italic, bold, capital, etc.).

Figure 6 shows both windows. The table view is linked to the
SPLOM view and the scatterplot view. Red points in the plots are
shown as checked rows in the table view.

Since we began our investigation with points that had high upper
count and italics, we now look at the corresponding selection in the
table. After sorting by the upper case count, and then sorting by
italic count, we pick a point with high values for both measures.
We show a snapshot of the corresponding page with a lot of italics
highlighted. The page is titled Creationism. We see that the talk
page has long discussions where editors use italics to identify the
sections that they are responding to or discrediting.

4.5 Applying our Rules to a New Dataset

Figure 7 shows the SPLOM window populated with a new sample
of 32,000 Wikipedia pages. Alongside this window is the Log win-
dow containing the rules generated from our session. Notice that
the rules processor has highlighted points in the same relative re-
gions of each scatterplot cell as in the SPLOM for the first dataset.

To check the validity of our rules, we looked at several high-
lighted points and examined the corresponding pages in the Text
window. We found them to contain significant controversial sec-
tions. Figure 8 shows a typical page from this set. It is titled The
Illuminatus! Trilogy, which is a series of novels that describe a
drug-, sex- and magic-laden trek through a number of conspiracy



Figure 3: Wiki pages scatterplot view with near neighbor selection

theories, both historical and imaginary. Editors used strikeouts to
express their dissatisfaction with the way things were phrased in the
article.

5 CONCLUSION

We have presented the advantages of employing the L∞ norm for
visual data analysis through the user management of rectangular
description regions. We conclude by mentioning a few alternative
approaches. We have already noted that rectangular covers can be
unparsimonious for describing non-rectangular shapes. One alter-
native is to give the user a 2D brush tool that can specify any con-
nected region. MacSpin [10], for example, implemented a lasso to
define a selection region in scatterplots. After the user forms such
a region, we could automatically generate a set of rectangles as a
cover. This approach breaks the link between the user specification
and the actual cover, however. We believe users are familiar with
rectangular selection regions and are comfortable composing them.

Another approach is to allow rotation before selection. The first
dynamic graphics visualization program, Prim9 [12] added projec-
tion pursuit [13] and rotation controls to a selection tool (what they
called a mask). In that paper, the authors showed a nonlinear dis-
crimination problem that could be managed with a combination of
rotation and linear masking. We could extend our method to allow
rotation, although this would be problematic for data embedded in
more than a few dimensions. Point rotation is not easy to manage
in more than three dimensions. Projection pursuit and the Grand
Tour [2] can be useful as guides, but the additional complexity has
other drawbacks.

We have concentrated on introducing L∞ visual analytics in this
paper. There is more to do, however. Our next step will be to as-
sess formally out-of-sample performance on a variety of artificial
and real datasets in a supervised learning task. To evaluate our ap-
proach further, we plan to compare our method to traditional au-
tomated classification and prediction algorithms on real datasets.
We anticipate that a trained visual analyst can rival traditional data
mining methods – not necessarily in the training sample, but more
likely in the validation sample. We expect that a well-trained ana-
lyst can spot exceptions, outliers, unusual distributions, and other
anomalies that can thwart distance-based algorithmic models.
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Figure 5: Add operation over different SPLOM cells

Figure 6: Table view and selected controversial Wiki page



Figure 7: SPLOM populated with new dataset and log of rules determining highlighted points in SPLOM

Figure 8: Controversial page found by applying saved rules to new dataset


