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Abstract

Stmilarity is a central concept in data mining.
Many techniques, such as clustering and classifica-
tion, use similarity or distance measures to com-
pare various subsets of multivariate data. However,
most of these measures are only designed to find
the distances between a pair of records or attributes
i a data set, and mot for comparing whole data
sets against one another. In this paper we present
a novel dissimilarity measure based on principal
component analysis for doing such comparisons be-
tween such data sets, and in particular time series
data sets. Our measure accounts for the correlation
structure of the data, and can be tuned by the user to
account for domain knowledge. Our measure is use-
ful in such applications as change point detection,
anomaly detection, and clustering in fields such as
intrusion detection, clinical trial data analysis, and
stock analysis.

1 Introduction

Similarity is a central concept in data mining.
Research in this area has primarily progressed along
two fronts: object similarity [3, 17, 12] and attribute
similarity [9, 24]. The former quantifies the distance
between two objects (rows) in the database, while
the latter refers to the distance between attributes
(columns). A related problem is that of determin-
ing the similarity or dissimilarity of two subsets of
data. Basic approaches have involved using clas-
sification [15], clustering [18], and mining contrast
sets [6]. However, these approaches build models
of the data sets, instead of quantifying their dif-
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ferences. In this paper we examine the notion of
quantifying the dissimilarity between different sub-
sets of data, and in particular, different multivariate
time series. We propose a novel dissimilarity mea-
sure that can be used to quantify the differences
between two data sets.

One motivating application for such a metric
could be for analyzing clinical drug trials to detect
the efficacy and hepatotoxicity of drugs. Here one
can view each patient in the trial as a different time
series data set, for which multiple observations at
varying time points of various analytes are measured
and stored. A dissimilarity measure in this context
can help cluster patients into groups of similarity or
alternatively detect anomalous patients. Another
application could be in financial stock market anal-
ysis where different subsets of the data (for example,
different sectors or time periods) can be examined
for change point detection, anomaly detection and
clustering. This requires the development of a suit-
able dissimilarity measure.

A suitable dissimilarity measure has several re-
quirements. First, it must take into account as
much of the information contained in the data sets
as possible. For example, simply calculating the Eu-
clidean distance between the centroids of two data
sets is ineffective, as this approach ignores the corre-
lations present in the data sets. Second, it must be
user-tunable in order to account for domain knowl-
edge. For example, in some domains it may be that
differences in the means of two data sets may not be
as important as differences in their correlation struc-
tures. In this case, differences in the mean should
be weighted less than differences in the correlations.
Third, the dissimilarity measure should be tolerant
of missing and noisy data, since in many domains
data collection is imperfect, leading to many miss-
ing attribute values.

In this paper we propose a novel dissimilar-



ity metric based on principal component analysis
(PCA). Our measure consists of three components
that separately take into account differences in the
means, correlations, and variances of the data sets
(time series) being compared. As such, our mea-
sure takes into account much of the information in
the data set. It is also possible to weight the com-
ponents differently, so one can incorporate domain
knowledge into the measure. Finally, our measure is
robust towards noise and missing data. We demon-
strate the efficacy of the proposed metric in a vari-
ety of application domains, including anomaly de-
tection, change detection and data set clustering, on
both synthetic and real data sets.

The rest of the paper is organized as follows. We
first briefly review related work in Section 2. We
then present our dissimilarity measure in Section 3,
and discuss several applications of the measure. In
Section 4, we present experimental results showing
the performance of our measure when used for sev-
eral applications on stock market data sets. Finally
in Section 5 we conclude with directions for future
work.

2 Related Work

As mentioned above, there have been many met-
rics proposed that find the distance or similarity
between the records of a data set [3, 17, 12], or
the between the attributes of a data set [9, 24].
However, these metrics are defined only between
a pair of records or attributes. Similarity met-
rics for comparing two data sets have been used
in image recognition [16], and hierarchical cluster-
ing [18]. The Hausdorff distance [16] between two
sets A and B is the minimum distance r such that
all points in A are within distance r of some point in
B, and vice-versa. Agglomerative hierarchical clus-
tering frequently makes use of the single-link and
complete-link distances between two clusters [18] to
decide which pair of clusters can be merged. The
single-link distance between two clusters is the min-
imum pairwise distance between points in cluster
A, and points in cluster B, while the complete-link
distance is the maximum pairwise distance between
points in cluster A, and points in cluster B. There
is also an average-link distance [14], which is the
average of all pairwise distances between points in
cluster A, and points in cluster B. However, these
metrics do not explicitly take into account the corre-
lations between attributes in the data sets (or clus-
ters). Parthasarathy and Ogihara [21] propose a
similarity metric for clustering data sets based on
frequent itemsets. By this metric, two data sets

are considered similar if they share many frequent
itemsets, and these itemsets have similar supports.
This metric takes into account correlations between
the attributes, but it is only applicable for data sets
with categorical or discrete attributes.

There has also been work for defining distance
metrics that take into account the correlations
present in continuous data. The most popular met-
ric is the Mahalanobis distance [22], which accounts
for the covariances of the attributes of the data.
However this can only be used to calculate the dis-
tance between two points in the same data set. Yang
et al [25] propose an algorithm for subspace cluster-
ing (i.e. subsets of both points and attributes in
a data set) that finds clusters whose attributes are
positively correlated with each other. Béhm et al [7]
modify the DBSCAN algorithm [11] by using PCA to
find clusters of points that are not only density-
connected, but correlation-connected as well. That
is to say, they find subsets of a data set that have
similar correlations. To determine if two points of
the data set should be merged into a single cluster,
they must be in each other’s “correlation” neighbor-
hood which is determined by a PCA-based approxi-
mation to the Mahalanobis distance. This approach
is more flexible than Yang et al’s in that it can find
clusters with negative correlations between the at-
tributes. However, their measure is unable to find
subsets of data with similar correlations that are not
density-connected. Furthermore, both Yang et al’s
and Bohm et al approaches are interested only in
finding clusters of points within a single data set, in-
stead of clustering multiple data sets. Finally, Yang
and Shahabi [26] use an extension to the Frobenius
norm called Eros to calculate the similarity of two
time series. A component of our similarity measure
is very similar to Eros (see Section 3.1.2). Unlike
Eros, however, our measure contains other com-
ponents they do not consider. For example, they
do not consider the differences in the means of the
two time series. Furthermore, in our approach, the
weights of the different components can be adjusted
based on domain knowledge.

Recently, Aggarwal has argued for user interac-
tion when designing distance functions [2] between
points. He presents a parametrized Minkowski dis-
tance metric and a parametrized cosine similarity
metric that can be tuned for different domains. He
also proposes a framework for automatically tuning
the metric to work appropriately in a given domain.
Based on these ideas in the next section we present
a tunable metric for computing a measure of dis-
similarity across data (sub)sets.



3 Algorithms

In this section we first present our dissimilarity
measure and demonstrate its effectiveness with a
small example data set. We then discuss various
applications of our dissimilarity measure in detail
that demonstrate its utility and flexibility.

3.1 Dissimilarity Measure

Our goal is to quantify the dissimilarity of two
homogeneous k-dimensional data sets X and Y.
This measure of dissimilarity should take into ac-
count not only the distances between the data
points in X and Y, but the correlations between
the attributes of the data sets as well.

In general, the dissimilarity of two data sets X
and Y is denoted as D(X,Y). We define the func-
tion D in terms of three dissimilarity functions that
take into account the differences in location, rota-
tion, and variance between the data sets. Each of
these components are discussed separately below.
These three components are combined by means of
a product, or by a weighted sum, which allows one
to weight the components differently, so as to in-
corporate domain knowledge. For example, in the
domain of network intrusion detection, one may be
concerned with time series data sets where column i
represents the ith computer on a given subnetwork,
and row j represents the number of bytes received
between times t;_1 and ¢;. When comparing sub-
sets of this data set taken from different time points,
large differences in the mean may be indicative of
a denial-of-service attack. Alternatively, differences
in the correlation of the number of bytes received by
two different machines may be indicative of one of
the machines being used by an unauthorized user.
Depending on what the user wishes to detect, the
measure can be tuned in different ways.

3.1.1 Distance Component

To determine the distance between two data sets,
there are a wide variety of distance metrics we can
use. We have implemented several different distance
metrics, including the single-link and complete-link
distances, among others (see Section 2). In this
work we consider two distance measures for the cen-
troids of the data sets. The Euclidean distance be-
tween the centroids of each data set is given by:

Da(X,Y) = |ux — tizl2- (1)

The other distance measure we use is the Maha-
lanobis distance, given by:

DaX.Y) = (nx — hy)Sxy iz —1)" (2)

where Y%+ is the covariance matrix of the combi-

nation of data sets X and Y.

3.1.2 Rotation Component

The next component measures the degree to which
the data set X must be rotated so that its principle
components point in the same direction as those of
Y. The principal components of a data set are the
set of orthogonal vectors such that the first vector
points in the direction of greatest variance in the
data, the second points in the orthogonal direction
of the second greatest variance in the data, and so
on [20, 23]. We consider X and Y to be most simi-
lar to each other when their principal components,
paired according to their ranks, are aligned, and
most dissimilar when all of the components of X
are orthogonal to those of Y.

More formally, given a data set X, consider the
singular value decomposition (SVD) of its covari-
ance matrix:

cov(X) = UAx X7 (3)

where the columns of X are the principal compo-
nents of the data set X, arranged from left to right
in order of decreasing variance in their respective
directions, and Ax is the diagonal matrix of sin-
gular values (eigenvalues). Note that one can also
find the singular value decomposition of the correla-
tion matrix of X as an alternative to the covariance
matrix. To determine the rotation dissimilarity be-
tween the two data sets X and Y, we measure the
angles between their principal components.

Since the columns of X and Y are unit vectors,
it follows that the diagonal of the matrix X7V is
the cosine of the angles between the corresponding
principal components, and so our rotation dissimi-
larity measure D, is defined as the sum of the angles
between the components:

D.(X,Y) = trace(cos ' (abs(XTY))).  (4)

Since the signs of the principal components can be
ignored, taking the absolute value ensures that we
will only be concerned with acute angles. It can
be easily shown that if X and Y are n-dimensional
data sets, then D,.(X,Y) only takes on values in the
set [0, %5¢], where a value of 0 infers that the prin-
cipal components are exactly aligned according to



the size of their corresponding eigenvalues, a value
of & infers that the principal components are com-
pletely orthogonal. We note that D, is very simi-
lar to the Eros similarity measure presented in [26].
The central difference is that we take the arc cosine
of XTY so that D, measures dissimilarity instead
of similarity as Eros does.

Note that the rotation dissimilarity measure D,
also accounts for some aspects of the differences in
the covariance structures of X and i7 since it mea-
sures the amount of rotation needed so that their
respective principal components are aligned in or-
der of decreasing variance. However, we still must
account for the amount of variance in each direction,
or the “shape” of the data sets.

3.1.3 Variance Component

We note that data sets can have different “shapes.”
For example, in two dimensions, a data set with
little or no correlation between its attributes has
a scatter plot that is circular in shape, while the
points of a data set with maximum correlation all
lie along the same line. It may be the case that the
principal components of X and Y, are completely
aligned, but they still have very different shapes.
For example, consider data sets C and E in Figure 1.
It will be shown in Section 3.2 that the principal
components of C and E are nearly aligned, but it
is obvious to see that they have different variance
structures by looking at the shapes of their plots:
data set C has a short ovular shape, while E is much
more elongated.

To account for these differences in the shapes of
the data sets, we examine the difference in the dis-
tributions of the variance over the principal compo-
nents of X and Y. More formally, consider the ran-
dom variable V& having the probability mass func-
tion:

P(Vg=1)= A 5

(Vg =i) = trace(Ax) (5)

where Ax is the diagonal matrix of singular values
from Equation 3, and A is the ith singular value.
P(Vx = i) is then the proportion of the variance in
the direction of the ith principal component. We
can then compare the distributions of Vi and V&
by finding the symmetric relative entropy: -

SRE(V, Vi) = 5 (H(Vgl[Vg) + H(Vg|[V)) (6)

where H(X||Y) is the relative entropy of two ran-
dom variables X and Y. The relative entropy is a
common measure of the distance between two prob-

ability distributions [8]. We can then define the vari-
ance dissimilarity as the symmetric relative entropy:

D,(X,Y) = SRE(Vx, Vy)- (7)

3.1.4 Final Dissimilarity Metric

The dissimilarity between X and Y can now be de-
fined in two different manners. Our basic formula-
tion is given by:

Dn(X,Y) = Dy x D, x D,. (8)

A more flexible formulation is as a linear combina-
tion of the components, given by:

Ds(X,Y) = Bo+Bax Da+ By x Dy + By x Dyy. (9)

This formulation allows the components to be
weighted differently (or completely ignored) by
means of varying the values of their coefficients (i.e.
B3). To avoid an unwanted bias towards one or
more of the components, the coefficients must cho-
sen to normalize their respective components. This
is straightforward for some components (for exam-
ple D, only takes on values in the range [0, &t]),
but not for others (for example, when using the Eu-
clidean distance for Dy on non-normalized data).

Since the coefficients allow the components to be
weighted differently, a user can bias the measure
to reflect domain knowledge. For example, Dy, re-
duces to the basic Euclidean distance between the
centroids of the data sets when 3y is set to 1 and the
others are set to 0. However, on the other extreme,
one may be more concerned with finding data sets
with similar covariance structures, but may not be
concerned with with relative locations of the data
sets, and so (3, and 3, can be set to some positive
value, while 3, is set to 0.

3.1.5 Missing Data

Our measure is also robust to missing data. If a data
set X has records with missing attribute values, and
assuming that the data has a normal distribution,
one can use the Expectation-Maximization [10] al-
gorithm to find the maximum-likelihood values of
the centroid yi and the covariance matrix cov(X).
The principal components one finds are the sam-
ple principal components [19], and one can develop
confidence intervals to test the closeness to the true
(population) principal components. If the miss-
ing data is not excessive, then the maximum like-
lihood /sample estimates of the components will be
accurate, and the computation of the dissimilarity
metric can continue as before. Other approaches for



Synthetic Data Sets
500

400

mMoOwm>
[=F3

300

200

100

-100 +

I+
200 gt
R
-300 15
I ¢+
-

400 -t

-500
-800 -600 -400 -200 0 200 400 600 800

Figure 1. A plot of five synthetic data sets.

A B C D E
A 0 0.67 | 253 | 0.4 | 2.55
B | 0.67 0 3.09 | 0.27 | 3.06
C | 253 3.09 0 2.93 | 0.02
D| 04 | 0.27 | 2.93 0 2.95
E | 255 | 3.06 | 0.02 | 2.95 0
Table 2. Rotation dissimilarity.
A B C D E
A 0 0.18 0.20 | 0.10 | 0.000009
B 0.18 0 0.0007 | 0.01 0.18
C 0.20 0.0007 0 0.01 0.21
D 0.096 0.009 | 0.014 0 0.099
E | 0.000009 | 0.18 021 | 0.10 0

Table 3. Variance dissimilarity.

A B C D E
A - 511.43 5.3 854.06 | 867.04
B | 511.43 - 512.87 | 604.31 | 617.37
C 5.3 512.87 - 858.64 | 871.64
D | 854.06 | 604.31 | 858.64 - 13.69
E | 867.04 | 617.37 | 871.64 | 13.69 -

Table 1. Dissimilarity: distance compo-
nent.

handling missing data involve just ignoring records
with missing data completely. In Section 4.5 we
present results that show simply ignoring missing
data does not drastically affect the performance of
our measure.

3.2 Example

In this example, we will look at each component
in turn to show it influences the final value of the
dissimilarity measure. Consider Figure 1, where
we have plotted five different data sets labeled A
through E. Each data set is similar to the others
in different ways. For example, sets A and E have
similar shapes, D and E have similar centroids, and
B and D have similar slopes.

In Table 1 we present the pairwise distance dis-
similarities of the data sets. The bold face values
represent the minimal dissimilarities between data
sets. As we expect, data sets A and C are consider-
ably similar to each other according to this measure,
as are data sets D and E, while data set B is consid-
erably dissimilar from all the other data sets. Note
that while data sets A and C have similar means,
they have extremely different covariance structures
that are not taken into account by this measure.

In Table 2 we present the pairwise rotation dis-

similarities of the data sets. As we expect, data
sets A, B, and D are very similar to each other, since
their principal components are pointed in nearly the
same directions. We note that the most similar pair
of data sets according to this measure is E and C,
while according to the distance dissimilarity mea-
sure they are the most dissimilar pair of data sets.

In Table 3, we present the pairwise variance dis-
similarities. In this case, data sets A and E are
very similar to each other, which is expected, since
the plots of each are both long and thin. We also
note that while data sets B and C are very similar
to each other according to the variance dissimilar-
ity measure, they are also the most dissimilar pair
according to the rotation dissimilarity measure.

In Table 4, we present the total pairwise dissim-
ilarity of the data sets. In this case we use the
product form (Dy) of our measure. We find that
data sets A and E are the most similar, due to the
high similarity of the distribution of their variances
across their principal components. Data set E is
next most similar to data set D due to the prox-
imity of their means, and E is also quite similar
to data set C, since their principal components are
rotated similarly. E is most dissimilar to data set

A B C D E
A 0 60.07 | 2.73 | 32.94 | 0.02
B | 60.07 0 1.14 | 1.38 | 341.14
C| 273 1.14 0 36.07 | 4.52
D | 3294 | 1.38 | 36.07 0 3.99
E | 0.02 | 341.14 | 4.52 | 3.99 0

Table 4. Total dissimilarity (Dr).



procedure FindChangePoints(series T', int W7, int W)
begin
for each point t € T
Before = {the Wi points occurring before ¢}
After = {t}U {the W3 — 1 points occurring after ¢}
Score[t] = D(Before, After)
end
Filter Score to find maxima
Return the t corresponding to maxima of Score
end.

Figure 2. The change point detection algo-
rithm.

B due to large differences in their respective means,
rotations, and variances. However, a basic distance-
based dissimilarity measure (for example, using just
D,) would rank B as the second-most similar data
set to E (after D), as can be seen from Table 1.

3.3 Applications

In this section we present an overview of how our
dissimilarity measure can be used in several com-
mon data analysis techniques. The techniques we
consider are change point detection, anomaly de-
tection, and data set clustering.

3.3.1 Change Point Detection

One application of our dissimilarity measure is
change point detection. In change point detection,
one wants to find the point(s) in a time series where
there has been an abrupt change in the process gen-
erating the series [5]. Our algorithm for off-line
change point detection for multivariate time series
is presented in Figure 2. It works by scanning over
a time series T, comparing two successive windows
of data points, the first of size W7 and the second
of size Wy data points, using our dissimilarity mea-
sure D. It returns the maxima of D applied over T'.
It follows that the maximum value of D is achieved
when the two successive windows are most different
with respect to their means, rotations, or variances,
signaling that the underlying distribution generat-
ing the time series has changed between the two win-
dows. We present the experimental results of run-
ning change point detection on stock market data
in Section 4.2.

3.3.2 Anomaly Detection

A closely related problem to change point detection
is anomaly detection. Whereas change point detec-

tion seeks to discover points that mark a shift from
one generating process to another, anomaly detec-
tion seeks to discover points that are outliers with
regard to the current generating process. Outlier
detection algorithms work by assigning an anomaly
score to each point in a data set based on its dis-
similarity to the other points in the set. The most
dissimilar ones are marked as outliers. Since our
measure is designed to measure the dissimilarity be-
tween a pair of data sets, we cannot directly mea-
sure the dissimilarity between a point and a data
set. However, we can use our measure to assign an
anomaly score to a point:

x(@) = DX, X — a). (10)

The anomaly score function Sy () measures how

much the mean and covariance structure of X would
change if the data point x was removed. If the value
of Sx(x) is large, then x must be introducing con-

siderable distortion into the model of X.

We demonstrate the utility of our dissimilar-
ity measures for outlier detection using the above
approach with a toy data set. We compare our
measures to the basic Mahalanobis distance met-
ric, since it also incorporates information concern-
ing the covariance structure of the data set (similar
to the formulation in Equation 10, we calculate the
distance from a point x to the centroid of X — z
using the covariance matrix of X — x):

Sx(@) = (bx_, — m)zg,z(ﬂgfz —z)". (11)

Our data set contains 150 points, and we find the
top 15 outliers according to each measure. The re-
sults can be seen in Figure 3. In these plots, normal
points are denoted by pluses and outliers are de-
noted by stars. In Figure 3(A) we show the outliers
discovered using the Mahalanobis distance metric.
In Figures 3(B) and (C) we show the outliers dis-
covered using our Dy and Dy, measures respectively
(in the case of Dy, we have chosen the 3’s so that
the components are normalized). As we expect, the
results are quite similar, since they all take into ac-
count both the means and the covariances of the
data. However, unlike the Mahalanobis distance
metric and Dy measure, the Dy, measure is much
more flexible, as the user is able to chose the values
of the #’s. This flexibility is demonstrated in Fig-
ures 3(D)-(F), where we detect outliers using only
the distance, rotation, and variance components re-
spectively by setting the coefficient of the relative
component to 1 and the others to 0. In each case,
different outliers are found. For example, using the
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Figure 3. Outliers in a data set discovered using different measures: (A) Mahalanobis; (B) Dr;
(C) Dx; (D) Ds (Euclidean) distance component only; (E) Ds, rotation component only; (F) Dy

variance component only.

distance component only (Figure 3(D)), the outliers
are those points on the extreme ends of the “arms”
of the data set, whereas when we use the rotation
component only (Figure 3(E)), the points not be-
longing to any of the “arms” are marked as outliers.

One can also use an alternative incremental form
of anomaly detection that is applicable in domains
where data sets are streaming or in the form of time
series. In this form, one calculates D(X, X U {x}),
where X is a sliding window of k data points, and z
is the first data point following the window. This is
similar to change point detection, except that it only
concerns information that arrives prior to x. We
present experimental results of using this approach
with our dissimilarity measure on stock market data
in Section 4.3.

3.3.3 Data Set Clustering

One of the advantages of a dissimilarity measure
for data sets is that it allows one to cluster the data
sets into groups with similar means or variances, de-
pending on how one weights the components. As a
motivating example, consider a large business orga-
nization such as Wal-Mart, with national or interna-

tional interests. Such organizations usually rely on
a homogeneous distributed databases to store their
transaction data. This leads to time varying, dis-
tributed data sources. In order to analyze such a
collection of databases, it seems important to clus-
ter them into small number of groups to contrast
global trends with local trends so as to develop ad-
vertising campaigns targeted at specific clusters.

It is straightforward to perform agglomerative hi-
erarchical clustering of data sets using our dissim-
ilarity measure. If one has n data sets, one can
construct an n by n table containing the pairwise
dissimilarities of the data sets. Once this table has
been constructed, one can use any distance metric
(e.g. single-link or complete-link) to perform the hi-
erarchical clustering. We present experimental re-
sults on using hierarchical clustering for stock mar-
ket data in Section 4.4. This table also facilitates
non-hierarchical clustering approaches, such as the
k-medoid approach [14]. This works by selecting
several data sets at random to be medoids of the
clusters, and then assigning the remaining data sets
to a cluster with the most similar medoid. After
this phase, the medoids are checked to see if replac-
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Figure 4. Plot of stock indices centered on
change point.

ing any of them with other data sets would reduce
the dissimilarity in their respective clusters. If so,
the process repeats until no medoids are replaced,
or some other stopping criterion is met.

4 Experimental Results
4.1 Setup

In our experiments we utilize historical stock
market data available from Yahoo! Finance [1].
We constructed several multivariate time series data
sets, where each dimension is the adjusted closing
price of a stock or stock index. The stock indices
that we use are the Dow Jones (DJ), Standard and
Poor’s 500 (S&P 500), and the 10-year Treasury
Note (TN) indices from January 1962 until May
2005. We also used the stock prices of a set of
six pharmaceutical companies (Abbott Laborato-
ries, GlaxoSmithKline, Johnson and Johnson (J &
J), Merck, Pfizer, and Wyeth) from August 1986 un-
til June 2005. All of our implementations are done
using Octave, an open-source version of Matlab.

4.2 Change Point Detection

In our first set of experiments, we examined our
measure’s effectiveness when used for change point
detection. One of our more impressive results comes
from a bivariate data set containing the values of the
Dow Jones and S&P 500 indices. In this experiment
we normalized the data and set the window sizes W1
and Ws both equal to 100. We derived the princi-
pal components from the covariance matrix of the
data. We eliminated the scores of the first and last
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Figure 5. Scatter plot of stock indices.

months in order to avoid edge effects. The highest-
scoring change point according to our dissimilarity
metric (Dy) occurred on February 28, 2001. In Fig-
ure 4 we plot these two indices versus time, showing
100 points on either side of the change point. From
this figure we can see that the indices become more
highly correlated after the change point. The dif-
ference is more obvious in Figure 5. Here the values
of the indices are plotted against each other, and
the markers indicate whether the point comes from
before or after the change point. As can be seen,
the points fall into two distinct clusters depending
on whether they come before or after the change
point. We note that when we perform SVD using
the correlation matrices instead of covariance matri-
ces of the data, the results are very similar, though
the change points may be shifted by a few instances.
For the example above, when we use the correlation
matrix, we calculate the change point as February
23, 2001.

4.3 Anomaly Detection

We test our incremental outlier detection algo-
rithm on several data sets: Indices, which con-
tains all three stock indices (DJ, S&P 500, and
TN); DJ/S&P 500 and DJ/TN, which contain only
the two relevant indices; Pharm., which contains
all six pharmaceutical stocks (see Section 4.1); and
Pfizer/Merck, which contains only the two relevant
indices. In our experiment we use Dry, performing
SVD on the covariance matrices, and vary the value
of k (the size of the sliding window) over 12 different
values (4, 5, 6, 8, 10, 15, 20, 30, 40, 60, 80, 100),
and mark the dates of the top 30 outliers for each
value of k, creating 12 lists of 30 dates each.

In Figure 6 we plot Pfizer’s and Merck’s stock
prices during the year 2004. The vertical lines mark



| Date | Description | Indices | DJ/S&P 500 | DJ/TN || Pharm. | Pfizer/Merck ]
10-19-87 Market crash 92% (100%) | 25% (58%) | 92% (92%) || 17% (75%) | 25% (83%)
3-16-00 | Largest DJ increase 0% (0%) 50% (0%) 8% (0%) 17% (0%) 0% (0%)
4-14-00 | Largest DJ decrease || 33% (8%) 58% (25%) | 50% (17%) 0% (0%) 0% (0%)
9-17-01 WTC attack 8% (58%) | 25% (67%) | 42% (33%) || 0% (0%) 0% (0%)
9-30-04 | Vioxx ™warning 0% (0%) 0% (0%) | 0% (0%) || 58% (100%) | 92% (100%)
12-17-04 | Celebrex ™warning 0% (0%) 0% (0%) 0% (0%) 8% (0%) 75% (33%)

Table 5. Detection rates of notable outliers using the Dy measure and a Mahalanobis metric-
based Dy measure (in parenthesis).
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Figure 6. Outliers in 2004 Merck and Pfizer
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Figure 7. The Pfizer/Merck March 11 outlier
and preceding days.

the days of the outliers. 2004 was tumultuous year
for these stocks, as it contains six of the top 30 out-
liers according to our measure when we set k equal
to 15. Note that our measure is able to detect large
changes in the means, as is the case for the Septem-
ber 30 and December 17 outliers, as well as more
subtle outliers, such as the one occurring on March
11. In Figure 7 we show a scatter plot of Pfizer and
Merck stock prices for March 11 and the 15 trading
days preceding it. This clarifies why March 11 is
marked as an outlier: In the 15 trading days prior
to March 11, the Pfizer’s and Merck’s stock prices
were relatively uncorrelated, but on March 11, the
prices of both sank sharply.

We also verify that our dissimilarity measures
can detect known anomalies. To do this we search
the 12 lists of outliers for several well-known dates.
For example, we pick October 19, 1987, since the
stock market suffered a major crash on that day,
and March 16, 2000, as that day currently holds
the record for the largest increase of the Dow Jones
index. We also pick September 30, 2004 and Decem-
ber 17, 2004, as those are the days when informa-
tion was announced concerning serious side-effects
of Merck’s Vioxx™and Pfizer’s Celebrex™drugs,
respectively!. We compare the basic Dy measure
against the Dy, measure that uses the Mahalanobis
metric for the distance component (see equation 2).

In Table 5 we present our results as the percent-
age of the lists in which each date appeared for all
of the data sets for both the Dy measure and the
Mahalanobis-based Dy measure (which is given in
parenthesis). The measures discern these anoma-
lous days fairly well. The first four rows indicate
anomalous days for the overall stock market, and
the anomalies are reflected in the market index data
sets. The last two rows indicate anomalous days
for the Pharmaceutical sector, as the announcement

1Vioxx is a trademark of Merck and Company, Incorpo-
rated. Celebrex is a trademark of Pfizer, Incorporated.
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concerning Vioxx ™and Celebrex™had adverse ef-
fects on the price of Merck’s and Pfizer’s stocks,
respectively. However, the effect of the announce-
ments was not so great on the values of the market
indices.

We note that in some cases, the Mahalanobis-
based Dy approach out-performs the basic Dy
measure, but in other cases, the Dp mea-
sure out-performs the Mahalanobis-based ap-
proach. For example, the Mahalanobis-based ap-
proach more consistently detects the October 19,
1987 market crash and the September 30, 2004
Vioxx™announcement, while the Dy measure
more consistently detects the largest Dow Jones in-
crease (March 16, 2000) and decrease (April 14,
2000). The reason is manner in which the two ap-
proaches detect anomalies. The Mahalanobis-based
approach is biased towards the Mahalanobis dis-
tance from stock prices on the current day to the
mean of the prices on the previous k£ days. There-
fore, it is good at detected larges changes in mean.
The Dr measure, however, also detects changes in
the correlations. The Dow Jones anomalies involve
a large change in the mean value of the Dow Jones
index, but this is not as drastic as the change in
correlation that results when it is paired with other
indices that do not have such large changes in mean
value.

4.4 Data Set Clustering

In our next experiment, we examine the effects of
using our dissimilarity measure to perform agglom-
erative hierarchical clustering. Note, as mentioned
earlier, one can also use k-medoids clustering here.
Currently, we use the Pfizer/Merck data set, and
extract the records for each month during the year
2004 to form 12 separate data sets (see Figure 8).

|

Jan May Apr Mar Jun Feb Sep Aug Jul Oct Dec Nov

Figure 9. Dendrogram resulting from clus-
tering of monthly data sets.

Our original intent was to demonstrate the effec-
tiveness of this approach on clustering clinical trial
patient data from Pfizer, Incorporated, and use it
as a mechanism for detecting hepatotoxicity signals.
However, due to delays in getting permission to pub-
lish results from this data, we are unable to include
these results at this point in time.

We build a table of pair-wise dissimilarities be-
tween the monthly Pfizer/Merck data sets using the
Dy, measure, with a slight bias towards the dis-
tance component to account for the drop in stock
prices in the latter part of the year. Using this
table, we perform hierarchical clustering using the
single-link distance metric. The dendrogram result-
ing from the clustering can be seen in Figure 9.
The results are expected: the data sets for January
through June are clustered early, as they have sim-
ilar means and positive correlations, and the data
sets for October through December are not clus-
tered together until very near the end, due to their
large differences in means compared to the other
months. We see that October and December clus-
ter with each other first, which is notable since they
are months most influenced by the Vioxx™and
Celebrex™ announcements, respectively.

4.5 Robustness to Missing Data

Finally, we examine the effects of ignoring records
containing missing data. In this experiment we used
the DJ/S&P 500 data set, and progressively re-
moved 1%, 5%, 10%, 15%, and 20% of the records
(i.e. that data set with 20% of the records removed
is a subset of the data set with 15% of the records
removed, and so on). For each of these data sets, we
calculated the top 20 change points using the algo-
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Figure 10. Percentage of change points
found for differing degrees of missing
data.

rithm in Section 3.3.1, with W equal to 15, 40, and
100. We then compared each set of 20 change points
to the top 20 change points found when there is no
missing data. We counted the number of change
points that matched to within some time window
(on the order of one week for W equal to 15, and
one month for W equal to 100). The percentage of
correct matches for each data set and each value of
W is presented in Figure 10. Our detection rates
from a high of 100% (all change points found) for
1% missing data to a low of 70% when 15% to 20%
of the data is missing. Note that in this experi-
ment we assume we do not know which records are
missing—we calculate the change point based on the
W non-missing records coming before the point, and
the W non-missing records coming after it. There-
fore, the change point is calculated using only a sub-
set of the records used if there was no missing data,
plus some “extra’” records would not be considered if
there were no missing data. This fact, coupled with
our detection rates, indicates that our approach is
fairly robust missing data.

5 Conclusion

In this paper we presented a dissimilarity mea-
sure for data sets that takes into account the means
and correlation structures of the data sets. This
dissimilarity measure is tunable, allowing the user
to adjust its parameters based on domain knowl-
edge. The measure has many different applications
for time series analysis, including change point de-
tection, anomaly detection, and clustering, and our
experimental results on time series data sets show
its effectiveness in these areas. In future we want use

our dissimilarity measure to detect anomalous data
sets. This is applicable to clinical trial data, where
patients are represented by a multivariate time se-
ries of blood analyte values, and detection of anoma-
lous patients can lead to early discovery of possibly
serious side effects of the drug being tested. We have
conducted experiments on this, and our results are
extremely promising. However, at this point we do
not have permission to share these results. We also
plan to explore the incremental aspects of our mea-
sure in order to apply to dynamic and streaming
data sets. For example, the computational costs of
calculating our dissimilarity measure on dynamic or
streaming can be reduced by using incremental PCA
techniques [4, 13]. Such incremental techniques can
also enhance execution speeds performing anomaly
detection and change point detection off-line, where
sliding windows are used to scan the data.
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