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Abstract

High-dimensional data is, by its nature, difficult to vi-
sualise. Many current techniques involve reducing the di-
mensionality of the data, which resultsin a loss of informa-
tion. Targeted Projection Pursuit is a novel method for vi-
sualising high-dimensional datasets which allows the user
to interactively explore the space of possible views to find
those that meet their requirements. A prototype tool that
utilises this method is introduced, and is shown to allow
usersto explore data through an interface that is transpar-
ent and efficient. The tool and underlying technique are
general purpose — applicable to any high-dimensional nu-
meric data, and supporting a wide range of exploratory
data analysis activities — but are evaluated on three par-
ticular tasks using gene expression data: identifiying dis-
criminatory genes, visualising diagnostic classes, and de-
tecting misdiagnosed samples. It is found to perform well
in comparison with standard techniques.

Keywords—Information Visualisation; Dimensionality Re-
duction; Multi-Dimensional Scaling; Projection Pursuit

1 Introduction

The problem of visualising high-dimensional dataispri-
marily one of dimensionality reduction (DR); i.e. repre-
senting the datain alow- ( typically two- or three-) dimen-
sional space such that it can be presented visualy to the
user. Many DR techniques are available, and most have
been applied to the problem of visualisation, including
Multi-Dimensional Scaling (MDS), Sammon Mapping,
Self-Organising Maps (SOM), iconographic and glyph-
based approaches, etc [1].

Among these are techniques based on linear projections
of the data, such as Principal Components Analysis (PCA),
Singular Value Decomposition (SV D), and Projection Pur-
suit. Friedman and Tukey introduced the term projection
pursuit to describe the process of finding interesting lin-
ear projections by optimizing some function (the projec-
tion pursuit index)[15]. The definition of what makes a
projection ‘interesting’ depends on the projection pursuit
index and on the application or purpose. For example, Lee

et al [18] discuss a projection pursuit index that measures
how well each projection shows the seperation of classes
in the data.

The advantage of techniquesbased on linear projections
isthat they not only may show an informative view of the
data, but the weights of the projection itself may include
useful information. For example, if one particular projec-
tion is found to show a clear separation between classesin
the data, then the most significant weights in the underly-
ing projection will indicate which variablesin the original
data were the best discriminators for those classes.

However, unless the data contains a great deal of redun-
dancy, any dimension reduction process involves the loss
of information. The resulting view may emphasise one as-
pect of the original data; but other aspects are inevitably
lost as the space of possibilities is reduced. Therefore one
possibility is to present a range of different plots, each in-
volving a different pair of coordinates. The scatter-plot
matrix, for example, shows the data pictured against al
possible pairs of coordinates, resultingin %n(n — 1) plots,
wheren isthe dimensionality of the original data. Another
approach is to alow the user to choose which coordinate
system to use, but to guide their choice by providing de-
scriptive statistics of the resulting views [2]. One dynamic
aternative to such static viewsis Asimov’s Grand Tour [9]
— described as an attempt to look at the data ‘from all pos-
sible angles’. A Grand Tour is a video sequence in which
each frame shows the result of a single proj ection of the
data, with the sequence as a whole including al possible
projection planes. However, the Grand Tour replaces the
quality of projection pursuit with quantity: a grand tour in
high dimensional space may be long and mostly uninfor-
mative.

Ideally we would have some way of alowing user to
guide the tour, to use their perception of the data to find
projections of interest. Cook and Buja [10][11] proposed
and implemented an interface that allows the user to not
only pause and rewind a given Grand Tour, but also to
amend the resulting view by controlling the input from
each dimension independently. The problem isthat projec-



tion component manipulation is an opaque interface in the
sense that it is rarely possible for the user to anticipate the
effect of their actions. Where the user has strong intuitions
about the nature of the structure of interest in data, and its
relationship with the underlying coordinate system, then
it may be possible for them to determine how best to use
component-based controls to reveal structure in the data
more clearly. In other words, once the user knows what
they are looking for then such an interface will help them
findit, but it isunsuited to true exploration of the data. The
user has n controls to manipulate (one for each dimension
of the original data set), the effect of each will be unknown
and which will have unpredictable effects in combination.
Theuser can do little more than random search —which has
its place, but is of little use when faced with a truly large
dimensionality set.

We present an alternative technique for interactively ex-
ploring the space of possible linear projections of a data set
that we call Targeted Projection Pursuit (TPP). The basis of
TPP is that the user manipulates their view of the data di-
rectly, rather than manipulate the projection that produces
that view. A linear projection isthen found that produces a
view of the datathat best matches the target view produced
by the user.

In TPP, the user manipul ates a two-dimensional view of
the data using mouse actions to ‘drag and drop’ the data
points; the tool then finds projections of the data that best
matches the users requirements. A prototype implementa-
tion of this tool has been built, and we have evaluated it
on anumber of data analysistasks using publicly available
data sets including class separation visualisation, misclas-
sification detection and feature detection. The technique
is found to outperform other standard techniques at class
visualisation, and to be efficient at discriminatory feature
identification and misclassification detection.

The next section discusses how the new technique
works and considers some of the benefits of this approach;
Section 3 discusses the algorithm required to implement
the technique; and Section 4 discusses the prototype tool.
Section 5 discusses the results of our initial evaluation on
arange of tasks using reference data sets comprising gene
expression data.

The prototype tool, along with example data sets, is
publicly available from the associated web-site!.

2 Targeted Projection Pursuit Tool

We can motivate the principle behind the TPP technique
with the following example. Suppose that an experimenter
is conducting an initial inspection of a set of results using
ascatter plot matrix or PCA. Suppose further that they find
that the data seems to fall into distinct clusters, albeit with

Ihttp://computing.unn.ac.uk/staff/CGIF1/tpp/tool .html

some outliers, or that there seems to be some suggestion of
acurvilinear relationship in the data. The natural question
would be whether an alternative view of the data could be
found in which the perceived regularity were more clearly
defined, or whether it were just the result of noise.

Faced with this situation, a natural impulse would be to
try to ‘grab’ those pointsthat fail tofit the perceived pattern
and try to move them into place. TPP allows the user to do
just this. If a projection can be found in which the changes
requested by the user can be found, then the resulting view
is displayed. If not, then the points will fail to move. The
overall process is thus one of hypothesis-formation and
testing: by attempting to move some points, the experi-
menter is suggesting a hypothesis about the structure of
the data; if the data fits the hypothesis, then the result is
shown.

This processisillustrated in Figure 1. The user isini-
tially presented with an arbitrary two-dimensional view of
the data, such as that produced using PCA. Suppose the
user can discern somekind of pattern, for exampleif there
appears to be some clustering in the data (Figure 1a). If
thisis the case the user would hypothesise that the cluster-
ing is due to a genuine regularity in the data and that any
outliers are simply a product of the particular projection
— for example, due to the inclusion of a component of the
data comprised mostly of noise. In this case the user would
select an outlier and attempt to drag it into the nearest clus-
ter (Figure 1b). Thetool then attempts to find a projection
of the data that best matches this revised view, and redis-
plays the data. If such a view can be found then it will
be displayed and the clusters will ‘fall into place’ (Figure
1c), for example by removing the contribution of the noisy
component. Otherwise the partial clusters will be revealed
to have been solely been an artefact of theinitial projection
(Figure 1d).

As well as manipulating the projections to find clus-
ters, the user can also try dragging and dropping points
into curvilinear relationships, or linearly separableregions.
And, rather than single points, the user can select aregion
including a cluster of points, to fix or move. Alternatively,
if the datais already classified into known classes then the
tool may be used to find low-dimensional views in which
those classes are most clearly shown, and to identify out-
liers.

The principal advantage of such an interfaceisthat it is
transparent, in the sense that the response of the system is
intuitive and predictable. If the user spots a partial pattern
then they manipulate the elements of that pattern directly,
rather than controls whose effects on the pattern are unpre-
dictable. In addition, the interface takes advantage of three
key strengths of the human visual system:



Figure 1: The use of targeted projection pursuit for interactive data exploration. a An initial view of the data with two
partial clusters and an outlier. b The user hypothesises that the outlier is part of the upper cluster and dragsit into place. ¢
If the data supports such a clustering then the tool finds aview of the data that matches the hypothesis. d The data does not
support the hypothesis and moving the point disrupts the partial clusters.

o We are efficient at spotting patterns in data when
presented as two-dimensional images. We are espe-
cially good at spotting partial or obscured patterns,
ignoring noise, and disregarding outliers: tasks that
pattern recognition algorithms struggle with. In TPP
it is the human user, rather than an algorithm, that
spots partial patternsin the data; while the computer
acts as a ' hypothesistester’ to see how well apartia
pattern may be completed.

o Weareefficient at recognising structurein correlated
movements, asillustrated in ‘ point light experiments
[20][21], even where that movement is obscured by
distracters. Thisis exploited in TPP since those data
points that are mostly closely correlated will tend to
move together compared to the behaviour of outliers
or misclassified samples.

o We areefficient at detecting the effect of our actions
on patterned stimuli. The effect of thisin TPPisthat,
when causing a group of points to move we can de-
tect which other points start to move simultaneously,
and hence will be correlated with those points we
originally selected.

Thus TPP uses the full power of the human visua sys-
tem to do what it is best at —i.e. spotting patterns — while
the computer based tool isleft to do ‘dumb’ linear algebra.

3 Targeted Projection Pursuit Algorithm
Conventional projection pursuit proceeds by searching
the space of all possible projectionsto find that which max-
imises an index that measures the quality of each resulting
view. Targeted projection pursuit, on the other hand, pro-
ceeds by allowing the user to define an ideal target view

of the data, and then finding a projection that best approxi-
mates that target.

Suppose X isan n x p matrix that describes the value
of p variablesin n samplesand T isan x 2 matrix that
describes a two-dimensional target view of those samples.
We require the p x 2 projection matrix, P, that minimises
the size of the difference between the view resulting from
this projection of the data and our target:

min || T — XP || (1)

where || . || denotes the Euclidean norm.

A solution to Equation (1) may be found by training
a single layer perceptron with p input units and two lin-
ear output units (see Figure 2). Each of the n data rows
in X are presented in turn, and standard back-propagation
is used to train the network to produce the corresponding
row of 7" in response with the total |east-squares error cal-
culated as usua. (In other words, the entire training set is
used as the testing set.) Once converged, the network can
be used to transform data from the original gene- space to
atwo-dimensional view, with the weight of the connection
from the i*" input neuron to the j** output neuron corre-
sponding to the value of the projection matrix P;;.

In the implementation discussed below, the network is
considered to have converged if one of the following two
conditionsis met:

1. The mean error for the entire data set is less than a
defined constant parameter.

2. The rate of change of mean error between training
cyclesisless than a defined constant.

This definition of convergence is used to allow for the
situation in which the user attemptsto ‘ pursue’ atarget that



isinconsistent with the data: in this case the network may
convergewhilst the error is still large.

Theinitia training of a network to an arbitrary target T’
may be time-consuming, However, oncetrained, the result-
ing network may then be incrementally trained to ‘ pursue’
subsequent perturbations in the target, rather than having
to re-train a new network ab initio. Thistechniqueis used
below (Section 4) to provide an efficient and responsive
interface.

(An aternative solution to Equation (1) based on Pro-
crustes methodsis discussed in [13].)

4 Tool Implementation

A prototype TPP tool was implemented using Java, in-
corporating data-handling functionality from Weka [19]
and neural net functionality from Gurel [16]. A snapshot
of the interfacein useis shown in Figure 5. Althoughiitis
currently at the prototype stage, the tool supports the fol-
lowing functionality.

First, the user loads a classified data sets from a stan-
dard .arff format file [19], and an initial view of the datais
presented using the first two principal components (though
the particular choice of initial view is unimportant). Each
class in the data set is represented by points of a particu-
lar colour. Subsets of data points can be selected using a
rectangular ‘rubber band’ and then dragged in the X and
Y directions; the closest possible projection is then found
dynamically and the resulting data positions redisplayed.
Mouse drags can aso be used to contract the area of the
selected pointsin an attempt to ‘bunch’ a putative cluster;
or to expand an area in an attempt to differentiate points
that are not clearly distinguished.

The resulting projection is aso displayed in the form of
atable, with the values of the X and Y components shown
for each variable in the original data, along with the sig-
nificance of each variable (i.e. the sum of squares of each
component). This table can be used in two ways. First it
can be used to find which variables are most significant in
producing the current view of the data— this is made eas-
ier by including the ability to re-order the projection table
by significance, by variable name, or by each component.
Thetableis used in this way in the gene identification task
discussed in Section 5.2.

Alternatively, the user may input values for the X and
Y components directly into the table, with the view of the
data being updated dynamically to reflect the new projec-
tion. This may be used to produce scatter plots of the data
against particular pairs of variables (by setting the compo-
nents corresponding to those variables to 1, and all other
componentsto 0), or by emphasising the effect of one par-
ticular variable (by setting the corresponding components
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to asuitably high number).

On a standard desktop PC?, the tool is able to calculate
projections of 100 data points of 200 dimensions and dis-
play them at approximately 5 frames per second.

5 Experimental Evaluation

The tool is designed to be a general purpose method
for exploring and visualising any high dimensional data.
However, in order to better test the utility of the tool in
a concrete application we have concentrated on eval uating
its use on gene expression data:

cDNA and oligonucleatide microarray technology and
genome sequencing have made it possible to measure gene
expression levels on a genomic scale [4]. Microarrays
currently measure expression levels across thousands of
genes, and this number will rise. Parallel array technolo-
gies, such as protein arrays, tissue arrays, and combinato-
rial chemistry arrays will generate similarly high- dimen-
sional of data. Thus analysis of this data requires mathe-
matical tools that are adaptable to both the large quantity
and high dimensionality of data, while reducing its com-
plexity to makeit comprehensible[5]. Therefore such data
seems a highly suitable candidate for analysis using TPP.

Thusfar the TPP tool has been evaluated on three tasks:
finding views of classified samples, identifying discrimi-
natory genes associated with particular diagnostic classes,
and detecting misclassified samples. (The data sets for
these experiments can be found along with the prototype
tool on the associated web site.)

5.1 Sample Classification Visualisation

In this task the user was presented with views of gene
expression data sets in which each sample is of a known
diagnostic class. They were then invited to use the tool to
find views that best show the separation between classes.
The resulting two-dimensional view of the data was then
tested using standard statistical measures of class separa-
tion, and compared with standard DR techniques, includ-
ing Sammon Mapping [3]. One advantage of this task in
evaluating the tool is that it allows a direct, objective, and
quantifiable comparison between techniques; and in prac-
tice the TPP tool was able to find views of gene expression
datathat showed a much clearer separation between classes
than standard methods (for experimental procedures and
detailed results see [14]).

For example, Figures 3 and 4 show two views of the
same data set, one produced using Sammon Mapping and
one produced using the TPP tool. This dataset comprises
cDNA microarray analysis of small, round blue cell child-
hood tumors (SRBCT), including neuroblastoma (NB),
rhabdomyosarcoma (RMS), Burkitt Lymphoma (BL; a
subset of non-Hodgkin lymphoma) and members of Ew-



Figure 2: Schematic of a Single Layer Perceptron for projecting p-dimensional data presented to the top input layer (I ;), to
a2-dimensional view output at the bottom layer (O 1,02). The connection weight (P;;) describesthe weight givento the;t"
variable in the projection onto the j** ordinate in the view.
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Figure 3: Two-dimensional view of SRBCT data set produced by TPP tool, showing clear separation between all classes.
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Figure 4: Two-dimensional view of SRBCT data set produced using Sammon Mapping showing one aspect of the ‘ curse of
dimensionality’: the small variance between points in high dimensional space produces a reduced view with little ‘ bunch-

ing'.




ingsfamily of tumors (EWS). Expression levelsfrom 6567
genes for 83 samples were taken [17].

The view produced by the TPP method shows a clear
separation between al classes. However the view produced
using Sammon Mapping shows one aspect of the ‘curse
of dimensionality’: the small variance between points in
high dimensional space means that a mapping in lower di-
mensional space that reproduces these inter- point differ-
ences will result in a view with very little difference be-
tween intra-class and intre-class point distances. In other
wordsthereislittle ‘bunching’ or clear seperation between
classes.

It is interesting to note that the view of the data pro-
duced by human-driven search was better (in the sense of
separating sample classes) than that produced by a con-
ventional computer-driven projection pursuit algorithm. In
other words, a human was more effective at searching the
extremely large space of al possible projections than an
automatic algorithm (in this case, gradient descent com-
bined with simulated annealing); a result which reinforces
the value of the ‘division of labour’ between human user
and machine discussed in Section 2

5.2 Gene ldentification

As discussed in Section 1, a fundamental advantage of
using linear projections for visualisation compared to, for
example, MDS, is that they define a transform that can be
applied to any point in data- space. In particular, the pro-
jection contains information about the respective signifi-
cance of each variable in the data, and how they can be
best combined to perform functions such as classification
and feature selection. The potentia of the TPP technique
in this regard was tested by using the tool to identify par-
ticular genes associated with particular diagnostic classes.
Thisis achieved by finding a view that separates the class
in question from all other samples, and then inspecting the
resulting projection to see which genes are most signifi-
cant.

For example, using the SRBCT data set discussed above
the user can seperate the samples of Burkitt's lymphoma
from the other classes. Those genes that are most asso-
ciated with this classification of the data are then found
to have the highest weighting in the resulting projection —
CD83 in this case: a result which is consistent with the
biological literature[7].

Another example of gene identification can be seen us-
ing gene expression data from the 60 cell lines from the
National Cancer Institute's anticancer drug screen [22]. It
consists of 8 different tissue types where cancer was found,
including nine samples of ovarian cancer. 9703 cDNA se-
guences were used. A Desmoplakin gene known to be as-
sociated with ovarian cancer can be identified by selecting
the ovarian cancer samples [6]. A screenshot of the tool

used in thisway isgivenin Figure 5.
5.3 Misclassification Identification

The use of TPP to detect possible cases of misdiagno-
sis —i.e. the misclassification of samples — was tested in
the following task. The user is presented with a data set
in which asmall proportion of the samples have had their
classes changed at random. The user is the asked to de-
termine which of the samples are misclassified by observ-
ing the movements of which data points are uncorrelated
with the others of their class — or are correlated with an-
other class. The dataset used in this task was the result of a
study of gene expression in two types of acute leukemia:
acute lymphoblastic leukemia (ALL) and acute myeloid
leukemia (AML) [8]. The samples consist of 38 cases of
B-cell ALL, 9 cases of T-cell ALL, and 25 cases of AML
with the expression levels of 7219 genes measured.

Ten replica data sets were prepared, each containing
three random misclassifications. The user was presented
with a random initial view of each set in order to prevent
them using cues from the initial position of points to spot
misclassifications. Despite this the user accurately identi-
fied 27 of the 30 misclassifications (90% correct).

5.4 Data Preparation

For the purposes of these evaluations all data sets were
reduced to 50 dimensions by selecting the 50 most discrim-
inatory genes on the basis of Between-Group to Within-
Group Sum of Squares [12]. The purpose of this was to
reduce the degree of independencein the data by eliminat-
ing ‘noisy’ variables, aswell asto make the TPP algorithm
computationally viable.

One of the problemswith high dimensional data setsis
that where p >> n, i.e. the number of samples is much
less than the number of variables, then the degree of inde-
pedence meansthat, by carefully selecting which variables
are to be used, the data can be made to fit any hypothesis.
This is a particular problem for any visualisation process
based on projection pursuit.

Nonetheless, the tool is capable of working with data
with a greater number of dimensions than 50. The mis-
classification task described above, for example, has been
conducted with data from 500 genes and, although perfor-
mance is sluggish, the misclassified samples can still be
effectively identified.

6 Conclusions

The visualisation of high-dimensional dataislimited by
the fact that the human visual system only works in two
or three dimensions. Visualisation research has produced
a number of responses to this. Oneis to carefully select
and preserve some aspect of the information contained in
the higher data space and present it in the restricted visu-
alisation space, though inevitably this resultsin the loss of
other, potentially useful, information. Another approach
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is to attempt to squeeze more than two dimensions of in-
formation into atwo dimensional visualisation space either
using glyphs or icons to embed extra dimensions of infor-
mation into a graph, or by presenting the user with many
different plots. Attempts have also been made to allow the
user to explore the space of possible views, but the result-
ing interfaces have typically been opaque and unintuitive.

TPP seems to present a transparent interface that sup-
ports and exploits the natural human tendency to spot par-
tial patterns and form hypotheses. These hypotheses are
then tested through a process of continual feedback to the
user.

Thus far the authors have concentrated on testing the
potential of the approach on specific tasks and particular
types of data, however it seems that TPP could be applied
much more widely and used as a general purpose tool in
the early stages of data analysisin arange of domains.
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