Classification Visualization with Shaded Similarity Matrix

Jun Wang Bei Yu Les Gasser
Graduate School of Library and Information Science
University of lllinois at Urbana-Champaign
501 E. Daniel St., Champaign, IL 61820
{junwang4, beiyu, gassp@uiuc.edu

Abstract use of nearest neighbor and hierarchical methods (e.g., deci-
sion tree and agglomerative hierachical clustering) in both
Shaded similarity matrix has long been used in visual classification and clustering would be able to support this
cluster analysis. This paper investigates how it can be usedviewpoint. In addition, both classification and clustering
in classification visualization. We focus on two popular have to attack similar issues (e.g., feature selection, scala-
classification methods: nearest neighbor and decision tree.bility, and missing value), and many solutions to the issues
Ensemble classifier visualization is also presented for han-can be used in both tasks without too much modification.

dling large data sets. For example, when computing the goodness of an attribute
Keywords: Classification Visualization, Shaded Simi- for classification or clustering, the difference is that the for-
larity Matrix, Decision Tree, Nearest Neighbor. mer usually only considers class information while the latter

will take all attribute information into account. As a demon-
stration, Fig. 3 of section 4 shows that a classification tree
(or decision tree) using the class information could be the
same as a clustering tree (or monothetic divisive tree, in nu-
merical taxonomy literature) without class information.
Classification is one of the most popular tasks in data  ghaded similarity matrix is one of the oldest graphic
mining. Classification involves the assignment of an ob- techniques that has long been used in hierarchical cluster
ject to one of several prespecified categories. Classificationynaysis [23, 14, 30, 7]. Based on the above unified view-
of data without any interpretation of the underlying model point, we believe it could also be used in the task of clas-
could reduce the trust of users in the system. Visualizationsification visualization. We will focus on the use of shaded
can help users visually understand the discovered knowl-gimjlarity matrix for visualizing two popular classification
edge [6, 2] as well as help interactively build a better classi- methods: nearest neighbor and decision tree. We will also

fication model in terms of simplicity and accuracy [2, 17].  explore how to attack the scalability problem using ensem-
Previous work on classification visualization mainly pe classification and sampling techniques.

concerns on how to visualize classification models and

how to integrate users into the construction of the mod- . . . .

els. Work on model visualization includes visualizing deci- 2 Shaded Similarity Matrix in Hierarchical

sion tree [1, 2, 4, 3, 16, 15], decision table [21, 5], decision ~ Agglomerative Clustering

rules [17], and naive Baysian classifier [6]. Two novel ap-

proaches of interactively constructing models are Ankerst's  Thjs section is a brief introduction to shaded similarity

PBC (Perception-Based Classification) [2] and Inselberg’s matrix . Over the past 40 years, shaded similarity matrix has
method usingarallel coordinate17]. For an overview,  peen mainly used in visual cluster anaylsis. [23, 14] have
please see Keim and Ankerst's recent tutorial on visual datacomprehensive introduction to the early work, and [30, 7]

1 Introduction

mining [19]. ~involve some recent related work.
This paper approaches the classification visualization |y shaded similarity matri%, similarity in each cell is
from the viewpoint thatlassificationandclustering(Arti- represented using a shade to indicate the similarity value:

ficial Intelligence community use the terragpervisednd

unsupervised learningare unified [22, 18, 8}. The wide and clustering.
2Some researchers calledShaded Proximity Matrior Trellis Dia-
1In statistics, some researchers do not distinguish the term classificationgram




greater similarity is represented by dark shading, while
lesser similarity by light shading. The dark and light cells ~ Table 2. Distance matrix of the instances in
may initially be scattered over the matrix. To bring out the  Table 1.

potential clusterings, the rows and columns need to reor-

ganize so that the similar objects are put on adjacent posi- 00/17/15/04114/18)... 115
tions. If “real” clusters exist in the data, they should appear 17/00/11]16]11]04]... 10
15/11|/00(16|02|12]|...|04

as symmetrical dark squares along the diagonal [14].

In this section, we will briefly show how a shaded sim- R B
ilarity matrix is constructed and how it looks through an 15/10]/04]15/03]12]...|00
example. The data used in the example is part ofitise
data from the UCI repository [25]. There are 150 instances
in the original Iris data set, which evenly distributed in 3
classes:setosa, virginicaandversicolor For each class,
we fetch its first 5 instances from the data file, and thus ob-
taining 15 instances (see Table 1). Table 2 is the distance
matrix® computed using Euclidean distance after normaliz-
ing the data in Table 1 tf), 1]. For the categorical attribute
Class the distance is 1 for different value and 0 otherwise.

The shaded distance matrix is illustrated in Fig. 1. Usu-
ally, we use seriation or unidimensional scaling to reorga-
nize the matrix. The right figure in Fig. 1 is generated using
the algorithm proposed in ClustanGraphics [30]. It works
by weighting each similarity using the distance of the sim-
ilarity cell to the diagonal. The algorithm tries to minimize
the sum of the weighted similarities in the similarity matrix
by reordering the pre-computed clusters in a hierarchical
clustering such as a dendrogram. It should be noted that Shaded similarity matrix can be naturally used in nearest
different seriation algorithms might generate different re- neighbor visualization since they both use the concept of
sults. similarity or distance. When using shaded similarity matrix

in nearest neighbor, we do not need to consider the seriation.
. . The objects within the same classes are put together. We do

Table 1. Data matrix extracted from the Iris not care about the order of objects in the same class. That

data set. Abbreviations: sl: sepal-length, sw: is, they are ordered randomly within the same class.

sepal-width, pl: petal-length, pw: petal-width. We use a distinct color to represent a different class. The
shade of a color indicates the distance or similarity. The
larger the distance, the lighter the shade. Since each cell
represents the distance between two objects, what if the two
objects belongs to different classes? We just set the color
to one class. This is not a problem because the similarity
matrix is usually symmetrical.

Figure 1. LErFT: Randomly orderedhaded dis-
tance matrix corresponding to the distance
matrix in Table 2; RIGHT: Reorderedshaded
distance matrix using a seriation algorithm.

sl sw pl pw class
51 35 14 0.2 setosa
6.3 29 56 1.8 Vvirginica
70 32 47 1.4 versicolof

6.5 28 46 1.5 versicolor

3.1 Two variants: k-nearest neighbor setting and
distance threshold setting
3 Nearest Neighbor Visualization
To display a similarity matrix of. objects, we need?
Nearest neighbor [12] has been reported to have excelgelis or" cells in the case of half matrix. In practice, usu-

lent results on many real world classification tasks. The gjly it is not necessary to display all cells in a matrix. To this
basic approach involves storing training instances and theireng. we should be able to have some parameters to control
associated classes in memory and then, when given a tesjynether a cell is displayed or not. Depending on what pa-
instance, finding the training instances nearest to that testgmeter setting will be used, we have two variants of nearest
instance and using them to predict the class. neighbor visualizationk-nearest neighbor settirgnddis-

3For convenience, we ushistance matrixandsimilarity matrix inter- tance threshold settlng. _ _
changeably since similarity can be defined in terms of distance. In the k-nearest neighbor setting, for an object whose




position is ¢, suppose the positions of it nearest K-NN: K=1, L eave-one-out errors: 85 (acc: 49.4%)
neighbors arejy,---,jx, then only the cells located at -
(i,51),- -, (i, jx) are displayed. Note that in this setting,
the matrix is not symmetrical because that objéds the
nearest neighbor of obje@ does not implyB is the near-

est neighbor ofA. Figure a) in Fig. 8 (on the last page)

is an illustration of this setting. The Zoo data set used in
the figure comes from the UCI repository. It contains 101
instances with 7 classesnammal, bird, reptile, fish,
amphibian, insect, andinvertebrate}.

In the distance threshold setting, only those cells are dis-
played whose distance values are less than a prespecified
threshold. In this setting, the matrix is symmetrical. Figure
b) in Fig. 8 (on the last page) is an example of this setting.

In k-nearest neighbor setting, it is easy to compute the
leave-one-out cross-validation accuracy, in which the set of
m training instances is repeatedly divided into a training set
of sizem — 1 and test set of sizg in all possible ways [26]. 5
In this paper, ifK-NN appears on the top of a figure along a4 1 84
with its leave-one-out errors and accuracy, it means we are
using the k-nearest neighbor setting.

Figure 2. Nearest neighbor visualization on
Monks-2 problem. The graph shows nearest

3.2 Applications of nearest neighbor visualization neighbor does not suit this kind of data.

We will show two possible applications of nearest neigh-
bor visualization. First, nearest neighbor visualization can

help users detect how regularities and outliers dynamically partitioned further. When a subset or a node stops to grow,
emerge by gradually changing the control parameter value.jt js called tree leaf and will be assigned a class label. Here
For example, a series of figures in Fig. 9 (on the last page)we consider only the one attribute (univariate) partitioning

show the emergence of regularities. Also, from the figure yje. Typical attribute selection methods measure whether

¢) in Fig. 9, we can see an outlier around Bied block  the partition on an attribute can lead to more purity on the
emerges. It i©strich Here, we did not use the color for  gypsets.

representing the different classes because we want to show

that the regularity is so clear and natural that it is almost . e .
a tree (either classification or clustering tree) represents a

unnecessary to use colors, : kind of taxonomy or a hierarchy with each node being a

Second, it can help users to see whether nearest neighbor o : .
. . . ) - concept or a cluster. Therefore, itis also natural to visualize
is suitable for classification, or whether the distance defi-

» . . . . decision trees using shaded similarity matrix. Again, simi-
nition needs modification such as using weighted distance . : o
. : ) . . lar to nearest neighbor visualization, whether or not shaded
to reduce the interference of irrelevant attributes. Fig. 2 is

an example showing that nearest neighbor s not fit for the similarity matrix is appropriate for being applied to decision

Monks-2 problem: one of three Monks problems used in atree visualization depends on the definition of distance. It
com arisgn ofdifférent learning techni ILJJes which was per- can be shown (see Appendh that when distance is de-

P 9 q Per fined only on class information, within-cluster average dis-
formed at the 2nd European Summer School on Machine

o . i ival he Gini i I i -
Learning in 1991 [29]. The target function of the Monks- tanc;e Is equivalent toj[ e Gini mdgx, a popuiar attribute se
L lection measurement in constructing decision trees [10]. In

2 problem is:EXACTLY TWO of {a; = 1,a2 = 1,a5 =

Las=1,a5 = 1, a6 = 1} other Words_, _if we build a clustering tree the same way as
’ ’ ’ ' build a decision tree, we may obtain the same result. Of
o ) o course, when generating a clustering tree, we do not have
4 Decision Tree Visualization the class information. Fig. 3 is a demonstration on Iris data
showing that we can build two same trees with or without
Decision trees are one of the most popular classificationclass information. The decision tree is constructed using
models. A decision tree is constructed by partitioning an Gini index to select good attributes. The clustering tree is
initial data set into disjoint subsets, and then recursively by using within-cluster average distance, and is displayed
partitioning each of the subsets, until the subsets cannot bevith gray shading because we do not have class informa-

As Pat Langley and other researchers pointed out [22, 8],



tion. In this paper, all decision trees are constructed USINg KL B e o o o e e r 0%)

Gini measurement. milk =0 [60] milk =1 [41]
Fig. 4 is an illustration of decision tree visualization aneszo ) | fedhest (20

on Zoo data in the k-nearest neighbor setting. Zoo data [swe] b

0[27] 1013
1[9] 0 18]
a

set includes 16 non-category attribute$hair, feathers ofifiis] oun “TTi
eggs,milk, airborne aquatic predator, toothedyackbone ! -
breathes, venomousdins legs, tail, domestic, catsike -
where the highlighted ones are used by the decision tree.
Using shaded similarity matrix to visualize decision tree
can help us see the tree structure very clearly. Note that
each square block indicates a tree leaf. In the Zoo data set,
there are seven squares corresponding to seven classes. In]
most cases the nearest neighbors of each instance share the

same square block with that instance.

Decision Tree Clustering Tree
Using Gini Measurement Using Within-Cluster Average Distance Measurement
petawidth < 0.8 [50] petawidih =08 [100] petawidih < 08 [50] petalwidth =08 [100]
petawidih <18 [54] | petalwidth >=1.8 [46] petdwidth < 18 [54] | petalwicth >=1.8 [46]

mammal reptile amphibian invertebrate
a1 20 5 13 i 10
bird fish i

Figure 4. Decision tree visualization on Zoo.

=

Figure 3. Decision tree and clustering tree vi- plicity. However, as we may think, with different classifi-
sualization on Iris. Distance threshold setting cation models generated from different samples, we could
with threshold=0.1. have a deeper understanding of the data from different per-

spectives.
In this paper, we concern only about the ensemble deci-

sion tree visualization.
5 Ensemble Classifier Visualization

5.1 Ensemble decision tree visualization

An ensemble classifier consists of a collection of individ-
ual classifiers, where each individual can make contribution  To understand data from as many perspectives as possi-
to the final classification. Bagging and boosting are two ble, one approach is to acquire all different individual clas-
popular ensemble approaches [9, 28]. Previous work showssifiers. However, this is not feasible. A better way might
that ensemble classifier can greatly improve the accuracybe to heuristically compute the individual classifiers which
when small training data variation can lead to a quite dif- satisfy some constraints. For example, given a training data
ferent classification model [24]. For example, decision tree set and some constraints such as training error threshold,
models are sensitive to the training data. the goal is to search a set of decision trees satisfying the
There are several reasons for developing visualizationconstraints in the space of all possible decision trees.

approaches for ensemble classifiers. First, scalability is a Here we apply the boosting algorithm AdaBoost to gen-
problem we can not avoid in any visualization. One popular erate different tree [13]. It works by repeatedly running
method to handle large scale data is to use sampling techa given weak learning algorithm (e.g., a simple decision
nigue. Much work has been done to deal with the reliability tree) on various distributions over the training data, and then
issue raised by sampling [27]. One solution is to develop ancombining the classifiers produced by the weaker learner
ensemble classifier, where each individual is generated frominto a single composite classifier. It should be noted that
one sample data. Second, ensemble classifier was thougldany algorithm can not guarantee to find all good different
as an approach to improve the accuratyhe cost of sim-  trees.



K-NN: K=1, Leave-one-out errors: 1 (acc: 98.3%) K-NN: K=3, Leave-one-out errors: 3 (acc: 95.0%) K-NN: K=5, Leave-one-out errors: 1 (acc: 98.3%) K-NN: K=7, Leave-one-out errors: 3 (acc: 95.0%)
Decision Tree: Depth=2, Training errors: 0 (acc: 100.0%) Decision Tree: Depth=2, Training errors: 2 (acc: 96.7%) Decision Tree: Depth=2, Training errors: 1 (acc: 98.3%) Decision Tree: Depth=2, Training errors: 1 (acc: 98.3%)
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Figure 5. Ensemble decision tree visualization on Iris. The setting is k-nearest neighbor, where k

increases from 1to 7 step by 2. The sample size is 60.

We use Iris data set as an example for showing the visu-To this end, we test the ensemble classifier @tdéilogdata
alization of ensemble classifier. Fig. 5 shows four individ- sets:Satimage, Segment, Shuttle, AustraliandDNA. For
ual classifiers whose training error is below a pre-defined data description, please see Table 3. The reason to use these
threshold0.1. From the attribute-class value mapping bars 5 Statlog data sets is because Ankerst used them as bench-
(refer to [2]) in Fig. 6, it is easy to see that the most related mark in his PBC system [2]. The experimental results in

attributes ar@w andpl (i.e., petalwidth andpetallength). Table 4 show that even with very small sample size, the
That explains why four pairs of attributésl, pl), (pw, pl), ensemble classification accuracy is comparable with PBC
(pw, pw), (pl, pw) can grow the best trees. using complete training data set. And the average tree size
of ensemble classifier using small sample is significantly
o smaller than PBC. For an example of ensemble classifier vi-
Sw sualization orSatimage(satellite image) data, please refer
to Fig.7.

Figure 6. Attribute-class value mapping bars.
There are 4 bars corresponding to 4 at-
tributes. Each bar consists of 150 dots (150
examples in the set) where each dot repre-
sents an attribute value, and the 150 dots
are sorted according to their attribute values.
The dot color indicates the class label. It is
apparent that the attributes pw and pl have

Table 3. Data description of 5 Statlog data
sets. For Segmenand Australian we use 10-fold
cross-validation to evaluate the accuracy. For
Satimage Shuttleand DNA, the size only indi-
cates that of the train set. There are separate
test set for these three data sets.

strong correlation with the class. Dataset size  classes categorical numeridal
Satimage | 4435 6 0 36
Segment | 2310 7 0 19
- . L Shuttle 43500 7 0 9
5.2 Ensemble decision tree visualization on large Australian| 690 2 6 8
data sets DNA 2000 3 60 0

To handle large data sets, our basic method is again to
use sampling technique. Currently we implement random ) )
sampling only. More sophisticated sampling algorithm that 2-3 ~ Discussion
can help find decision trees as different as possible, given
the number of trees, will be explored in the future. Though ensemble classifier visualization has the above
The purpose of this section is to see if it is effective to advantages, there are several issues needed to mention.
use simple random sampling with very small sample size. First, the number of different good trees might be huge.



Table 4. Comparison of accuracy and tree size
of Ankerst's PBC system and our ensemble
algorithm using random sampling technique.

The sample size is setto 100 and the number

This paper has not explored the following interesting is-
sues. First, can weighted distance definition or nonlinear
distance definition improve the grouping quality when us-
ing typical Euclidean distance failed to reveal the within-
class clusterings? And how to use visualization to help find
a better distance definition?

Second, can we design a sampling approach which can
guarantee the convergence of an ensemble classifier whose
individual classifiers satisfy some constraints such as the
training error threshold? In other words, after a convergence

of individual classifiers in an ensemble is 9.
Accuracy Tree size
Dataset PBC Ensemble PBC Ensemb
Satimage | 83.5 80.5 33 6-7
Segment | 94.8 91.2 21.5 7-8
Shuttle 99.9 99.5 8.9 4-5
Australian| 82.7 84.7 9.3 5-6
DNA 89.2 91.9 18 7-8

point, taking more rounds of sampling will not change the
ensemble. This seems to be a theoretical question related
more to the (online) computational learning instead of visu-
alization. However, the solution to this problem can provide

users a more reliable ensemble classifier visualization.

For example, when there are lots of redundant or strongly

correlated attributes, the number of different trees can beAcknowledgments

exponential to the number of related attributes. Digit recog-
nition data set [10] is such an example. All seven attributes

stable.Pixel bar chartsgechnique could be such a tool [20].
Second, we may need to have a measurement of the dif-
ference or distance of two tree structures. If two trees are

This work was partially supported by the Information
(horizontal and verticgl lights in on-off combina?ions) are gystems Research Lab (ISRL) of the Graduate School of
strongly related. In this case, we need alternative tools t0| jprary and Information Science at University of lllinois at
help user understand why the tree structure might be so unyyrhana-Champaign. We are thankful to the Research Writ-

ing Group of ISRL directed by Dr. David Dubin.

slightly different according to the measurement, we would References
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K-NN: K=1, Leave-one-out errors. 24 (acc: 76.0%)
Decision Tree: Depth=3, Training errors: 14 (acc: 86.0%)

K-NN: K=3, Leave-one-out errors: 15 (acc: 85.0%)
Decision Tree: Depth=3, Training errors: 18 (acc: 82.0%)
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K-NN: K=5, Leave-one-out errors: 15 (acc: 85.0%)
Decision Tree: Depth=3, Training errors: 11 (acc: 89.0%)

K-NN: K=7, Leave-one-out errors: 21 (acc: 79.0%)
Decision Tree: Depth=3, Training errors: 13 (acc: 87.0%)
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Figure 7. Ensemble decision tree visualization on Satimagealata.




mammal regﬂle amphibian invertebrate mammal regule amphibian invertebrate
_bird 20 fish 13 = insga 10 _bird 20 fish 13 = ir\sga 10
a) k-nearest neighbor setting: k=7 b) Distance threshold setting: Threshold=0.4

Figure 8. Two different control settings on whether to display a matrix cell or not.
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a) Distancethreshold = 0.1 b) Distance threshold = 0.3
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c) Distance threshold = 0.5 d) Distance threshold = 0.7

Figure 9. Gradually increasing the distance threshold shows how the regularities and outliers emerge.



