
Analysis of Time Series Data
with Predictive Clustering Trees
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Abstract. Predictive clustering is a general framework that unifies clus-
tering and prediction. This paper investigates how to apply this frame-
work to cluster time series data. The resulting system, Clus-TS, con-
structs predictive clustering trees (PCTs) that partition a given set of
time series into homogeneous clusters. In addition, PCTs provide a sym-
bolic description of the clusters. We evaluate Clus-TS on time series data
from microarray experiments. Each data set records the change over time
in the expression level of yeast genes as a response to a change in en-
vironmental conditions. Our evaluation shows that Clus-TS is able to
cluster genes with similar responses, and to predict the time series based
on the description of a gene. Clus-TS is part of a larger project where the
goal is to investigate how global models can be combined with inductive
databases.

1 Introduction

Predictive clustering is a general framework that combines clustering and pre-
diction [1]. Predictive clustering partitions a given data set into a set of clusters
such that the instances in a given cluster are similar to each other and dissimilar
to the instances in other clusters. In this sense, predictive clustering is identical
to regular clustering [11]. The difference is that predictive clustering associates
a predictive model to each cluster. This model assigns instances to clusters and
provides predictions for new instances. So far, decision trees [1, 22] and rule sets
[25] have been used in the context of predictive clustering.

This paper investigates how predictive clustering can be applied to cluster
time series [13]. A time series is an ordered sequence of measurements of a
continuous variable that changes over time. Fig. 1.a presents an example of
eight time series partitioned into three clusters: cluster C1 contains time series
that increase and subsequently decrease, C2 has mainly decreasing time series
and C3 mainly increasing ones. Fig. 1.b shows a so-called predictive clustering
tree (PCT) for this set of clusters. This is the predictive model associated with
the clustering.
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Fig. 1. (a) A set of time series clustered into three clusters. (b) A predictive clustering
tree associated with this clustering. Each leaf of the tree corresponds to one cluster.

We propose a new algorithm called Clus-TS (Clustering-Time Series) that
constructs trees such as the one shown in Fig. 1.b. Clus-TS instantiates the
general PCT induction algorithm proposed by Blockeel et al. [1] to the task of
time series clustering. This is non-trivial because the general algorithm requires
computing a centroid for each cluster and for most distance measures suitable
for time series clustering, no closed algebraic form centroid is known.

We evaluate Clus-TS on time series data from microarray experiments [9].
Each data set records the change over time in the expression level of yeast genes
in response to a change in environmental conditions. A lot of work has been done
on clustering this type of short time series gene expression data [4]. Our main
motivation is to use alternative distance measures (that mainly take the shape
of the time series into account) and to construct clusters that can be explained
by a given set of features. Besides the time series, various other data about each
gene are available. Here, we consider motifs and terms from the Gene Ontology
(GO) [5]. The motifs are subsequences that occur in the amino acid sequence
of many genes. The motivation for using motifs as features is due to Curk et
al. [2], who use motifs in a similar analysis. The motifs or GO terms appear in
the internal nodes of the PCT (Fig. 1.b) and provide a symbolic description of
the clusters. C1 includes, for example, all genes that have terms “GO:0043232”
and “GO:0000313” in their description. This is related to itemset constrained
clustering [20], which clusters vectors of numeric values and constrains each
cluster by means of an itemset.

So far, most research on inductive databases (IDBs) [10, 3] has focused on
local models (i.e., models that apply to only a subset of the examples), such
as frequent item sets and association rules. Clus-TS is part of a larger project
[7, 22, 25] were the goal is to investigate how IDBs can be extended to global
models, such as decision trees (for prediction) and mixture models (for clus-
tering). Predictive clustering has been argued to provide a general framework
unifying clustering and prediction, two of the most basic data mining tasks,
and is therefore an excellent starting point for extending IDBs to global models
[25]. In particular, we are interested in developing a system that is applicable to



clustering and prediction in many application domains, including bioinformatics.
Extending PCTs to time series clustering is a step in this direction.

2 Predictive Clustering Trees

2.1 Prediction, Clustering, and Predictive Clustering Trees

Predictive modeling aims at constructing models that can predict a target prop-
erty of an object from a description of the object. Predictive models are learned
from sets of examples, where each example has the form (D,T ), with D being
an object description and T a target property value. While a variety of repre-
sentations ranging from propositional to first order logic have been used for D,
T is almost always considered to consist of a single target attribute called the
class, which is either discrete (classification problem) or continuous (regression
problem).

Clustering [11], on the other hand, is concerned with grouping objects into
subsets of objects (called clusters) that are similar w.r.t. their description D.
There is no target property defined in clustering tasks. In conventional cluster-
ing, the notion of a distance (or conversely, similarity) is crucial: examples are
considered to be points in a metric space and clusters are constructed such that
examples in the same cluster are close according to a particular distance metric.
A centroid (or prototypical example) may be used as a representative for a clus-
ter. The centroid is the point with the lowest average (squared) distance to all
the examples in the cluster, i.e., the mean or medoid of the examples. Hierarchi-
cal clustering and k-means clustering are the most commonly used algorithms
for this type of clustering (see Section 4.4).

Predictive clustering [1] combines elements from both prediction and clus-
tering. As in clustering, we seek clusters of examples that are similar to each
other, but in general taking both the descriptive part and the target property
into account (the distance measure is defined on D ∪ T ). In addition, a predic-
tive model must be associated to each cluster. The predictive model assigns new
instances to clusters based on their description D and provides a prediction for
the target property T . A well-known type of model that can be used to this end
is a decision tree [17]. A decision tree that is used for predictive clustering is
called a predictive clustering tree (PCT, Fig. 1.b). Each node of a PCT repre-
sents a cluster. The conjunction of conditions on the path from the root to that
node gives a description of the cluster. Essentially, each cluster has a symbolic
description in the form of a rule (IF conjunction of conditions THEN cluster)3,
while a tree structure represents the hierarchy of clusters. Clusters that are not
on the same branch of a tree do not overlap.

In Fig. 1, the description D of a gene consists of GO terms with which the
gene is annotated, and the target property T is the time series recorded for the
gene. In general, we could include both D and T in the distance measure. We are,
however, most interested in the time series part. Therefore, we define the distance
3 This idea was first used in conceptual clustering [15].



measure only on T . We consider various distance measures in Section 3.1. The
resulting PCT (Fig. 1.b) represents a clustering that is homogeneous w.r.t. T
and the nodes of the tree provide a symbolic description of the clusters. Note
that a PCT can also be used for prediction: use the tree to assign a new instance
to a leaf and take the centroid (denoted with ci in Fig. 1.b) of the corresponding
cluster as prediction.

2.2 Building Predictive Clustering Trees

Table 1 presents the generic induction algorithm for PCTs [1]. It is a variant of
the standard greedy recursive top-down decision tree induction algorithm used,
e.g., in C4.5 [17]. It takes as input a set of instances I (in our case genes described
by motifs or GO terms and their associated time series). The procedure BestTest
(Table 1, right) searches for the best acceptable test (motif or GO term) that
can be put in a node. If such a test t∗ can be found then the algorithm creates a
new internal node labeled t∗ and calls itself recursively to construct a subtree for
each cluster in the partition P∗ induced by t∗ on the instances. If no acceptable
test can be found, then the algorithm creates a leaf, and the recursion terminates.
(The procedure Acceptable defines the stopping criterion of the algorithm, e.g.,
specifying maximum tree depth or a minimum number of instances in each leaf).

Up till here, the algorithm is identical to a standard decision tree learner. The
main difference is in the heuristic that is used for selecting the tests. For PCTs,
this heuristic is the reduction in variance (weighted by cluster size, see line 4 of
BestTest). Maximizing variance reduction maximizes cluster homogeneity. The
next section discusses how cluster variance can be defined for time series.

An implementation of the PCT induction algorithm is available in the Clus
system, which can be obtained at http://www.cs.kuleuven.be/~dtai/clus.

Table 1. The generic PCT induction algorithm Clus.

procedure PCT(I) returns tree

1: (t∗, h∗,P∗) = BestTest(I)
2: if t∗ 6= none then
3: for each Ik ∈ P∗ do
4: treek = PCT(Ik)

5: return node(t∗,
S

k{treek})
6: else
7: return leaf(centroid(I))

procedure BestTest(I)

1: (t∗, h∗,P∗) = (none, 0, ∅)
2: for each possible test t do
3: P = partition induced by t on I
4: h = Var(I)−

P
Ik∈P

|Ik|
|I| Var(Ik)

5: if (h > h∗) ∧Acceptable(t,P) then
6: (t∗, h∗,P∗) = (t, h,P)

7: return (t∗, h∗,P∗)
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Fig. 2. (a) Euclidean distance (top) compared to DTW (bottom). (b) A warping path.
(Artwork courtesy of Eamonn Keogh.)

3 PCTs for Time Series Clustering

3.1 Distance Measures

In this section, we discuss a number of distance measures for time series, which
will be used in the definition of cluster variance later on. Some measures require
that all time series in the data set have the same length. This property holds
true for the data that we consider in the experimental evaluation (Section 4).

If all time series have the same length then one can represent them as real
valued vectors and use standard vector distance measures such as the Euclidean
or Manhattan distance. These measures are, however, not always appropriate
for time series because they assume that the time series are synchronized, and
mainly capture the difference in scale and baseline. Below, we discuss three
distance measures that have been proposed to alleviate these shortcomings.

Dynamic Time Warping (DTW) [19] can capture a non-linear distortion
along the time axis. It accomplishes this by assigning multiple values of one of
the time series to a single value of the other. As a result, DTW is suitable if the
time series are not properly synchronized, e.g., if one is delayed, or if the two
time series are not of the same length. Fig. 2.a illustrates DTW and compares
it to the Euclidean distance.

dDTW(X, Y ) with X = α1, α2, . . . , αI , Y = β1, β2, . . . , βJ is defined based on
the notion of a warping path between X and Y . A warping path is a sequence
of grid points F = f1, f2, . . . , fK on the I × J plane (Fig. 2.b). Let the distance
between two values αik

and βjk
be d(fk) = |αik

− βjk
|, then an evaluation

function ∆(F ) is given by ∆(F ) = 1/(I + J)
∑K

k=1 d(fk)wk. The weights wk are
as follows: wk = (ik − ik−1) + (jk − jk−1), i0 = j0 = 0. The smaller the value of
∆(F ), the more similar X and Y are. In order to prevent excessive distortion,



we assume an adjustment window (|ik − jk| ≤ r). dDTW(X, Y ) is the minimum
of ∆(F ). dDTW can be computed with dynamic programming in time O(IJ).

Both the Euclidean distance and DTW take into account differences in scale
and baseline. If a given time series is identical to a second time series, but scaled
by a certain factor or offset by some constant, then the two time series will be
distant. For many applications, these differences are, however, not important;
only the shape of the time series matters. The next two measures are more
appropriate for such applications.

Correlation The correlation coefficient r(X, Y ) between two time series X and
Y is calculated as

r(X, Y ) =
E[(X − E[X]) · (Y − E[Y ])]

E[(X − E[X])2] · E[(Y − E[Y ])2]
, (1)

where E[V ] denotes expectation (i.e., mean value) of V . r(X, Y ) measures the
degree of linear dependence between X and Y . It has the following intuitive
meaning in terms of the shapes of X and Y : r close to 1 means that the shapes
are similar. If there is a linear relation between X and Y then the time series are
identical but might have a different scale or baseline. r close to -1 means that X
and Y have “mirrored” shapes, and r close to 0 means that the shapes are unre-
lated (and consequently dissimilar). Based on this intuitive interpretation, we can
define the distance between two time series as dr(X, Y ) =

√
0.5 · (1− r(X, Y )).

dr has, however, two drawbacks. First, it is difficult to properly estimate corre-
lation if the number of observations is small (i.e., a short time series). Second,
dr can only capture the linear dependencies between the time series. Two time
series that are non-linearly related will be distant. Fig. 3 illustrates this effect.

A Qualitative Distance A third distance measure is the qualitative distance
proposed by Todorovski et al. [23]. It is based on a qualitative comparison of the
shape of the time series. Consider two time series X and Y (Fig. 3). Then choose
a pair of time points i and j and observe the qualitative change of the value of
X and Y at these points. There are three possibilities: increase (Xi > Xj), no-
change (Xi ≈ Xj), and decrease (Xi < Xj). dqual is obtained by summing the
difference in qualitative change observed for X and Y for all pairs of time points,
i.e.,

dqual(X, Y ) =
n−1∑
i=1

n∑
j=i+1

2 ·Diff (q(Xi, Xj), q(Yi, Yj))
N · (N − 1)

, (2)

with Diff (q1, q2) a function that defines the difference between different quali-
tative changes (Fig. 2). Roughly speaking, dqual counts the number of disagree-
ments in change of X and Y .

dqual does not have the drawbacks of the correlation based measure. First,
it can be computed for very short time series, without decreasing the quality
of the estimate. Second, it captures the similarity in shape of the time series,
regardless of whether their dependence is linear or non-linear (Fig. 3). In the
experimental evaluation, we will use dqual (Section 4).
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Fig. 3. Comparison of four distance measures for time series. Time series (a) are linearly
related resulting in dr(X, Y ) = 0. Time series (b) are non-linearly related, but still have
a similar shape, resulting in dqual(X, Y ) = 0.

Table 2. The definition of Diff (q1, q2).

Diff (q1, q2) increase no-change decrease

increase 0 0.5 1
no-change 0.5 0 0.5
decrease 1 0.5 0

3.2 Computing Cluster Variance

Recall from Section 2.2 that the PCT induction algorithm requires a measure
of cluster variance in its heuristics. The variance of a cluster C can be defined
based on a distance measure as

Var(C) =
1
|C|

∑
X∈C

d2(X, c) , (3)

with c the cluster centroid of C. To cluster time series, d should be a distance
measure defined on time series, such as the ones discussed in the previous section.

The centroid c can be computed as argminq

∑
X∈C d2(X, q). We consider two

possible representations for c: (a) the centroid is an arbitrary time series, and
(b) the centroid is one of the time series from the cluster (the cluster prototype).
In representation (b), the centroid can be computed with |C|2 distance compu-
tations by substituting q with each time series in the cluster. In representation
(a), the space of candidate centroids is infinite. This means that either a closed
algebraic form for the centroid is required or that one should resort to approx-
imative algorithms to compute the centroid. No closed form for the centroid is
known in representation (a) for the distance measure dqual. To the best of our
knowledge, the same holds for dDTW and dr.

An alternative way to define cluster variance is based on the sum of the
squared pairwise distances (SSPD) between the cluster elements, i.e.,

Var(C) =
1

2|C|2
∑
X∈C

∑
Y ∈C

d2(X, Y ) . (4)



(The factor 2 in the denominator of (4) ensures that (4) is identical to (3) for
the Euclidean distance.) The advantage of this approach is that no centroid is
required. It also requires |C|2 distance computations. This is the same time com-
plexity as the approach with the centroid in representation (b). Hence, using the
definition based on a centroid is only more efficient if the centroid can be com-
puted in time linear in the cluster size. This is the case for the Euclidean distance
in combination with using the pointwise average of the time series as centroid.
For the other distance measures, no such centroids are known. Therefore, we
choose to estimate cluster variance using the SSPD.

A second advantage is that (4) can be easily approximated by means of
sampling, e.g., by using,

Var(C) =
1

2|C|m
∑

X∈ C

 ∑
Y ∈ sample(C,m)

d2(X, Y )

 , (5)

with sample(C,m) a random sample without replacement of m elements from
C, instead of (4) if |C| ≥ m. The computational cost of (5) grows only linearly
with the cluster size. In the experimental evaluation, we compare (4) to (5).

3.3 Cluster Centroids for the Tree Leaves

The PCT induction algorithm places cluster centroids in its leaves, which can
be inspected by the domain expert and used as a prediction. For these centroids,
we use representation (b) as discussed above.

4 Analyzing Gene Expression Time Series with PCTs

4.1 The Problem

DNA microarray analysis is an interesting application area for short time series
clustering. Clustering genes by their time expression pattern makes sense because
genes which are co-regulated or have a similar function, under certain conditions,
will have a similar temporal profile. Instead of simply clustering the expression
time series with, e.g., HAC, and later on elucidating the characteristics of the
obtained clusters (as done in e.g., [4]), we perform constrained clustering with
PCTs. This yields the clusters and symbolic descriptions of the clusters in one
step.

We use the data from a study conducted by Gasch et al. [9]. The purpose of
the study is to explore the changes in expression levels of yeast (Saccharomyces
cerevisiae) genes under diverse environmental stresses. Various sudden changes
in the environmental conditions are tested, ranging from heat shock to amino
acid starvation for a prolonged period of time. The gene expression levels of
around 5000 genes are measured at different time points using microarrays. The
data is log-transformed and normalized based on the time-zero measurement of
yeast cells under normal environmental conditions. We use three sets of exper-
iments from Gasch et al. [9]: amino acid starvation (AAS), diauxic shift (DS),
and diamide treatment (DT).



4.2 The Mining Scenario

Our mining scenario consists of two steps. In a first step, we use a local pattern
mining algorithm to construct patterns based on the description of the yeast
genes. In a second step, we use these local patterns as features to construct
PCTs. We use two types of features: motifs and GO terms [5].

For the first set of features, we mine frequent subsequences (motifs) occurring
in the DNA sequences of the yeast genes, which we obtain from the Stanford
database. We use the constraint based mining algorithm FAVST [12, 16]. FAVST
supports three types of constraints: minimum frequency, and minimum and max-
imum motif length. We query FAVST for sequences that appear in 25% of the
genes and consist of at least 8 nucleotides. In this way, we obtain approximately
300 motifs ranging from 8 to 10 nucleotides. These motifs are passed to Clus-TS
to build PCTs with the motifs in the internal nodes.

In the second set of features, each feature is a GO term. We obtain the GO
term annotations for each yeast gene from the Gene Ontology [5] (version April,
2006). Note that the GO terms are structured in a hierarchy. We use both the
part of and is a relations to include for each gene all relevant GO terms. To
limit the number of features, we set a minimum frequency threshold: each GO
term must appear for at least 50 of the genes.

4.3 Predicting Time Series with PCTs

Recall that PCTs can be used both for prediction and clustering. PCTs predict
values just like regular decision trees. They sort each test instance into a leaf
and assign as prediction the label of that leaf. PCTs label their leaves with the
training set centroids of the corresponding clusters. In this section, we evalu-
ate PCTs in a predictive setting and in Section 4.5 we assess their clustering
performance.

To evaluate predictive performance, we need an error metric. An obvious
candidate is the root mean squared error (RMSE), which is defined as

RMSE(I, T ) =

√
1
|I|

∑
X∈ I

d2(T (X), series(X)) , (6)

with I the set of test instances, T the PCT that is being tested, T (X) the time
series predicted by T for instance X, and series(X) the actual series of X.

We compare the PCT built by Clus-TS to a default predictor DEF that
always predicts the overall training set centroid. We measure predictive RMSE
using 10 fold cross-validation. We set the minimum number of time series in
each cluster to 10 and all other parameters of Clus-TS to their default values.
Clus supports size constraints by means of the post pruning method proposed
by Garofalakis et al. [8], which employs dynamic programming to find the most
accurate subtree no larger than a given number of leaves. Here, accuracy is
estimated as training set RMSE (see also [22]). Fig. 4 presents the results for
different values of the size constraint.
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The PCTs with motifs as features do not perform well (RMSE close to that
of DEF) and quickly overfit for larger size trees. The optimal tree size for the
PCTs with GO terms seems to be around 30 nodes. The PCTs with GO terms
perform better, but still have a relatively high RMSE. Fig. 4 also compares Clus-
TS with the SSPD variance estimate with quadratic time complexity (PCT N2)
to the linear approximation with sample size m = 10 (PCT lin.). Both estimates
yield a comparable predictive performance. PCT N2 performs slightly better for
small trees, but becomes worse for larger trees. PCT N2 is a factor 6.8 to 12.6
slower than PCT lin.

From a biological viewpoint, the PCTs cluster genes that have a similar
function (GO terms) and a similar response in expression level to a certain
change in environmental conditions. One problem is that, as noted by Gasch et
al. [9], only a subset of the genes (about 900) have a stereotypical response to
the environmental stress. That is, only a subset of the genes can be accurately
clustered, whereas the other genes have an uncorrelated response. As a result,
we hypothesize that the PCTs are able to more accurately predict the time
series of a subset of the genes. We therefore perform the following experiment.
Besides recording the predicted time series for each test set gene, we also record
a confidence value for each prediction. We then sort the genes by confidence
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value and compute the RMSE of the top n percent most confident predictions.
We use the training set RMSE of the leaf that made the prediction as confidence
estimate. This is similar to the approach used for generating a ROC curve for
a decision tree [6]. Fig. 5 presents the results4. It shows that more accurate
predictions are obtained if we restrict the test set based on the confidence of the
predictions. For example, if time series are predicted for the top 5%, then the
RMSE decreases to about 50% of that of DEF.

Fig. 6, 7, and 8 show as an illustration the PCT for each data set obtained
with the maximum size set to 5 leaves. They also show the cluster centroids for
each of the leaves.

4.4 Hierarchical Agglomerative Clustering

In this section, we briefly discuss Hierarchical Agglomerative Clustering (HAC)
(see, e.g., [14]). We use HAC as a baseline to compare Clus-TS to. HAC is one
of the most widely used clustering approaches. It produces a nested hierarchy of
groups of similar objects, based on a matrix containing the pairwise distances
between all objects. HAC repeats the following three steps until all objects are
in the same cluster:

1. Search the distance matrix for the two closest objects or clusters.
2. Join the two objects (clusters) to produce a new cluster.
3. Update the distance matrix to include the distances between the new cluster

and all other clusters (objects).

There are four well known HAC algorithms: single-link, complete-link, group-
average, and centroid clustering, which differ in the cluster similarity measure

4 PCTs are obtained with the same parameters as before, except that we use validation
set based pruning instead of specifying a size constraint. Clus-TS uses here 1000
genes of the original training set for pruning and the rest for the tree construction
(suggested by [24]). Simply selecting a PCT from Fig. 4 is unfair; it corresponds to
optimizing the size parameter on the test set.



they employ. We decided to use single-link HAC because it is usually considered
to be the simplest approach and it has the lowest time complexity. Furthermore,
it yields a better intra cluster variation than the PCTs. Therefore, we did not
consider more elaborate approaches. Single-link HAC computes the distance be-
tween two clusters as the distance between the closest pair of objects. The HAC
implementation that we use has a computational cost of O(N2), with N the
number of time series, and for efficiency it uses a next-best-merge array [14].

An important drawback of single-link HAC is that it suffers from the chaining
effect [14], which in some cases may result in undesirable elongated clusters.
Because the merge criterion is strictly local (it only takes the two closest objects
into account), a chain of points can be extended over a long distance without
regard to the overall shape of the emerging cluster.

4.5 Clustering Time Series with PCTs

In this section, we compare PCTs to HAC (Section 4.4). The evaluation metric
that we use is intra cluster variation (ICV) defined as

ICV(C) =
∑

Ci∈ C

|Ci|
|C|

Var(Ci) , (7)

with C the set of clusters (PCT or HAC leaves), |C| the data set size, and Var(Ci)
the variance of cluster Ci (Equation 4).

We measure ICV for different values of the size constraint (Section 4.3). The
minimum cluster size is set to 5. For HAC, we cut the hierarchy of clusters at
different levels to obtain measurements for a varying number of clusters. Fig. 9
presents the results. For the data sets AAC and DS, HAC is able to decrease
ICV much faster than PCTs. The reason is that PCTs constrain the clusters
based on the given features. If the ICV-wise best split at a given point in the
cluster hierarchy can not be described in terms of the features, then Clus-TS
will select a suboptimal split. It is therefore important to have good descriptive
features when performing predictive clustering.

To test the impact of the features, we constructed artificial data sets with the
same time series, but with as features the characteristic vector of the clustering
produced by HAC, that is, one Boolean feature for each cluster (internal nodes
and leaves) indicating for each example if it belongs to that particular cluster or
not. Fig. 9 shows that, given these features, Clus-TS even outperforms HAC.

On the DT data set, HAC performs worse compared to Clus-TS. Note that
this may happen because HAC is also heuristic (e.g., because of the chaining
effect, cf. Section 4.4).
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5 Future Work

We plan to extend the experimental evaluation. This includes testing more data
sets (e.g., all changes in environmental conditions studied in [9], or other types
of short time series data), working with domain experts to interpret the cluster-
ings, and using more types of descriptive features. Our experiments show that
having appropriate features is very important for predictive clustering. It would
be interesting to try experiments with more features, possibly automatically
constructed using feature construction methods.

In Section 3.2, we considered two representations for the cluster centroid
that are both time series. The centroid, however, does not need to be in the
same domain as the objects that are being clustered. It would be interesting
to investigate more expressive representations of the cluster centroid, such as a
parametric representation of the distribution of the time series. The advantage
of such an approach, while it can be computationally more expensive, is that it
captures more information about the cluster. This is akin to classification with
the Gini index or information gain heuristics [18], which summarize a set of
examples by means of its class distribution instead of the majority class.

We plan to incorporate different types of constraints in our models. This is
important in the context of inductive databases because the inductive queries
might include various types of constraints on the resulting PCTs. Our current
system already includes accuracy and size constraints [22]. In further work, we
wish to investigate constraints more specific to clustering [26] and in particular
clustering of time series.

Another direction of research is investigating how PCTs, and in particu-
lar PCTs for clustering time series, can be integrated tightly with inductive
databases. Fromont and Blockeel [7] and Slavkov et al. [21] present ongoing
work in this direction.

6 Conclusion

This paper proposes predictive clustering trees (PCTs) to cluster time series
data. The main advantage of using PCTs over other clustering algorithms, such
as hierarchical agglomerative clustering and k-means, is that PCTs cluster the
time series and provide a description of the clusters at the same time. This allows
one to relate various heterogeneous data types and to draw conclusions about
their relations.

Using PCTs for time series data is non-trivial because for many appropriate
distance measures (correlation based, dynamic time warping, and a qualitative
distance), no closed algebraic form for the centroid is known. Therefore, we
propose to compute cluster variance based on the sum of squared pairwise dis-
tances (SSPD) between the cluster elements. This method has not been used
previously in predictive clustering and is one of the contributions of the paper.
Our experiments show that the SSPD can be efficiently approximated by means
of sampling.



Our approach combines local models (motifs of DNA) with global models
(PCTs). The local models are used to describe clusters and can be used to
predict cluster membership. Such a combination of models is a typical feature
required from an inductive database: a first query is used to mine the local
models and a second query returns global models based on these local models.

The experimental evaluation shows that PCTs can be used for predicting
the expression response of yeast genes to different changes in environmental
conditions. This, however, proved to be a hard task and more research is required,
e.g., to find more predictive features.
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