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Introduction

With the arrival of the internet and the rise of bioinformatics the analysis
of data is more and more faced with data that is loosely structured. Ex-
amples of such loosely structured data are molecule data or XML based
web pages. When data has a less rigid structure it becomes more difficult
to discover interesting patterns. There are more potential patterns (candi-
dates) since there are many ways of combining the parts. For example, in
bio-chemistry one analyses molecules for interesting patterns (e.g., many
molecules have three carbon molecules connected with a single bond). How-
ever, one molecule can potentially have many different atoms and a number
of connection types between several of these atoms.

In this chapter a general introduction is provided about principles that
are needed to better understand this thesis. First data mining will be ex-
plained. Data mining can be done on data with different level of structure;
this thesis will treat the data mining of semi-structured data. We discuss
different kinds of semi-structured data. Finally, we give an overview of the
thesis together with a list of publications on which the thesis is based.

1.1 Data Mining

Data mining can be seen as the analysis of large quantities of data in an
attempt to discover new patterns and relations in an automated fashion.
There are many books written about data mining, e.g., [32, 64, 71]. Each of
them gives a definition of data mining:

e In [64] Tan, Steinbach and Kumar define it as: “Data mining is a
technology that blends traditional data analysis methods with sophis-
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ticated algorithms for processing large volumes of data ...”.

e In [71] Witten and Frank define data mining as: “The process of dis-
covering patterns in data. The process must be automatic or (more
usually) semi-automatic. The patterns discovered must be meaningful
in that they lead to some advantage, usually an economic advantage.

The data is invariably present in substantial quantities ...”.

e In [32] Hand, Mannila and Smyth give the following definition: “Data
mining is the analysis of (often large) observational data sets to find
unsuspected relationships and to summarize the data in novel ways
that are both understandable and useful to the data owner ...”.

We prefer the third definition. In [32] they continue: “The relationships
and summaries derived through a data mining exercise are often referred
to as models or patterns. Examples include linear equations, rules, clusters,
graphs, tree structures, and recurrent patterns in time series ...”. In this
thesis the patterns resulting from data mining are sets, sequences and graphs
and the models are rules and clusters.

The data to be mined can have different levels of structure. Some data
does not really have any defined structure, like text or video (unstructured
data), while other sources of data are completely and rigidly defined (struc-
tured data). In this thesis we will focus on data that is between these ex-
tremes. Data will have a defined structure, however each record may have a
different size or might not contain the same parts as the other records.

There is a broad range of techniques used in data mining. The most
important data mining tasks used in the thesis are frequent pattern mining,
competitive neural networks and clustering. We next discuss these three
data mining tasks.

In frequent pattern mining we discover certain re-occurring substructures
that occur at least minsupp times, where minsupp is the minimal frequency
threshold (minimal support). The search space is potentially huge and fre-
quent pattern mining is usually involved in pruning the search space. Com-
monly this is done by using anti-monotonicity, i.e., the occurrence count of
a pattern is never more than the occurrence of sub-pattern (= all elements
are also in the pattern, but all elements of the pattern are not necessarily
in the sub-pattern).

The competitive neural network used in this thesis is a dimensional re-
duction method. Dimensions in this context basically mean the number of
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values of one record. More than three dimensions are hard to visualize, since
a human can only effectively understand a picture of up to three dimensions.
For these reason we use a number of techniques that Tan, Steinbach and Ku-
mar in [64] define as: “find a projection of the data to a lower-dimensional
space that perserves pairwise distances as well as possible, as measured by
an objective function ...”. A technique is called a dimensional reduction
method if it approaches the distances between instances as good as possi-
ble with (far) less dimensions. In this way the visualized data can be made
understandable to the analyst with one picture.

The neurons or centroids in a competitive neural network compete for
being selected, given an input vector. E.g., assume that we have a data set
where each record has 100 values (= 100 dimensions) with a number ranging
from 0 to 10 indicating a grade one person gave to 100 different movies. It
is very hard for a human to quickly see groups of people that like the same
movie. However, if we reduce the number of dimensions to two, two numerical
values, then we can easily make a picture and the user can see groups and
their approximate distance in one view. One of the most commonly used
algorithms was proposed by Kohonen in [38]; this algorithm is called the
self-organizing map. In this thesis we will use an other algorithm: the “push
and pull”-algorithm as proposed in [39].

The “push and pull”-algorithm places instances in a two-dimensional
or three-dimensional space adhering to the given distance between them.
Basically each instance is represented by a neuron. In the case of a Koho-
nen network, neurons are initialized with a random weight vector equal in
length to the input vector. At each iteration the neuron with the smallest
Euclidean distance to the input vector is selected and they are place a little
bit closer to this input. This enables us to make different kinds of visual-
izations, a common visualization is displayed in Figure 1.1. Each hexagon
is one neuron and each side of a hexagon is colored dark if the weight vec-
tors of neighbouring neurons are relatively distant from each other and light
otherwise. Each hexagon is colored dark if the average relative distance is
large and light if it is low.

The difference between the self-organizing maps, like those from the Ko-
honen algorithm, and the “push and pull”-algorithm is that in the former
each instance is prelinked to a neuron which is moved to an optimal position
using the pair-wise relative distance. For the “push and pull”’-algorithm we
do not need to know the input vectors.

Self-organizing maps, on the other hand, have neurons with a weight
vector. These weight vectors have equal dimensions for the input vectors.
For each input vector provided to the self-organizing map the best-matching
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Figure 1.1: A common way of visualizing Kohonen networks.

unit (neuron) and its neighbours are pulled closer to this input. In the case
of the “push and pull”-algorithm we link each neuron with an instance in the
dataset. Two neurons are selected and their two-dimensional co-ordinates are
slightly adjusted towards their target distance. The main difference between
self-organizing maps and the “push and pull”-algorithm is this different way
of using the neurons.

The advantage in comparison to SOM (and other more traditional meth-
ods) is that we can stop the iterations of the “push and pull”-algorithm at
any time and immediately get a valid approximated two-dimensional (or
three-dimensional) picture of the distances between all neurons when we
only know the pair-wise relative distance for the instances.

Neurons that have a low Euclidean distance are put close together in the
two-dimensional space and neurons with a big distance are placed far apart.
Furthermore, because each instance (or multiple instances) is prelinked with
a neuron you can quickly view the relative distances. In the case of self-
organizing maps you will first need to locate the neuron closest to each
instance and then calculate the distance between these neurons or interpret
the color image. Further processing of the neurons is needed to get a two-
dimensional picture of the relative distances.

The disadvantage of the “push and pull”-algorithm is that many in-
stances will give many neurons and this either slows the algorithm down or
makes the approximation less accurate. A solution would be to have some
way to quickly prelink multiple instances to one neuron.

Clustering is discussed in many sources, e.g., Hopgood in [34] defines
clustering as a form of unsupervised learning, i.e., the training examples
consist of input vectors without the desired output. As successive input vec-
tors are presented, they are clustered into N groups, where the integer NV
may be prespecified or may be allowed to grow according to the diversity of
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the data. The competitive neural networks used in this thesis are primarily
used as a dimension reduction and visualization method. However, as points
are pulled closer, they form clusters. The difference with traditional cluster-
ing methods is that the user sees the picture and indicates the clusters. The
traditional methods automatically make the clusters.

1.2 Structured and Unstructured Data

Some data sources impose a rigid structure on the data they contain and
others impose no structure at all. First these extremes need to be explained
before discussing semi-structured data. Structured data has the following
properties:

e Data is organized into transactions.
e Similar transactions are grouped together, e.g., in tables.
e These groups all have the same attributes.

e The value of an attribute is always of a certain type and length.

Unstructured data is the opposite of structured, making mining of un-
structured data difficult. Often it also difficult to explain mining results
when mining unstructured data. Examples of unstructured data are plain
text, video, sound and images and they share the following properties:

e Data can be of any type.

e There are no transactions, we have no information about the meaning
of attributes; there is no specific format.

e The structure doesn’t follow any rules, e.g., for a video there will be
no rule disallowing certain colors in certain places.

e The value of an attribute have no specific type or length.

1.3 Semi-Structured Data

Semi-structured data arises when the source or the environment does not
impose a rigid structure on the data and when data is combined from sev-
eral heterogeneous sources [59]. E.g., bibliographic data where some books
are written by one author and others by two or more. For some of these
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authors only their name is known and for others their age or their specialty.
Also for describing a specific paper different fields are needed than for a
novel. Another example of semi-structured data is website browsing data,
where the browsing behaviour of a user is one record in a dataset of graphs.
Each hyperlink click a user makes is represented by one node in this graph.
Some nodes might have extra attributes giving extra information about the
webpage. The connections between the nodes indicate the hyperlinks a user
chooses and towards which page (node) that link pointed. So also in this
data there is structure, but it is not completely rigid. Semi-structured data
has the following properties:

e Records do not necessarily have the same number of fields and fields
can be different.

e Records or parts of a record describing a similar principle, e.g., a
molecule or an atom, can be grouped together.

e Fields do not have to be in a specific order.

This thesis will discuss the evaluation of pattern occurrence in semi-
structured data in the form of itemsets, sequences, trees and graphs.

1.3.1 TItemsets and Sequences

The simplest form of semi-structured data we will treat in this thesis are
item sets. In the case of item sets one has a data set where each transaction
is a set of items. The most common way of mining this data is frequent
subset mining where we search for groups or sets of items that can be found
in at least a user-defined number of transactions:

Definition 1.3.1 (Frequent Subsets) Assume we have a data set D of
sets where each transaction is a finite set I of items. A set S is a frequent
subset for D if for minsupp transactions I it holds that S C I. The minimal
support threshold minsupp is a pre-defined threshold. Note that D itself is
considered as a sequence of transactions.

Sequences are a similar type of semi-structured data, but they differ in
that the order of items is important. Ten times an item A is different than
one and a sequence of first an item A and then B is different from first an
item B and then A. In this thesis we will discuss sequences in the context of
frequent sequence mining, where sequences are frequent if they occur in at
least minsupp sequences:
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Definition 1.3.2 (Frequent Subsequences) A sequence d = (dy,da, ...,
dp) is called a super-sequence of a sequence s = (s1,82,...,8;) if k < m
and for each s; (1 < i < k) there is a dj; (1 < j; < m) with s; = dj, and
Ji—1 < ji (i > 1). We denote this with s < d. The sequence s is called a
sub-sequence of d.

The sequence s is called frequent if it is a subsequence of at least minsupp
sequences in the dataset D of sequences.

1.3.2 Trees and Graphs

Both graphs and trees consist of vertices where some are connected with
edges. When edges of a graph have a direction they are called directed, and
undirected otherwise. We call a graph connected if all vertices can be reached
from all other vertices by following the edges. All graphs in this thesis are
undirected connected. Furthermore a graph is called fully connected if be-
tween all vertices their is an edge connecting them.

A tree is basically a graph without cycles. This means that edges are
such that when we start following edges from a vertex, we can not end up
at the same vertex. Also trees usually have a root and leaves. The root is
the designated vertex where we can start and follow the edges until we end
up at one of the last vertices, a leaf.

A typical example of a graph is a molecule that consists of atoms and
these atoms are connected with bonds. Frequent subgraphs (see Definition
1.3.3) are harder to find in comparison with frequent subtrees because of
possible cycles. This can be explained with Figure 1.2. Say one wants to see
if subgraph 1 is a subgraph of the molecule Ribose (where no character
means the vertex is Carbon, C). We need to match all atoms and edges from
the subgraph with the atoms and edges of the Ribose and this can require
many attemps depending on the atom and edge that you match first.

Definition 1.3.3 (Frequent Subgraph) LetG = (V,E) and G' = (V' E')
be connected graphs, where V- and V' are finite, non-empty sets of vertices
and E and E' are non-empty sets of edges (links between pairs of vertices).
The graph G’ is a subgraph of G if V' CV and E' C E.

If G’ is a subgraph of at least minsupp graphs G in a dataset D of graphs
then we call G' a frequent subgraph.
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< 7 OH
HO OH
subgraph 1 ribose

Figure 1.2: An example molecule and two subgraphs

1.4 Overview of this Thesis

In this thesis we investigate ways of mining (different types of ) semi-structured
data. We look how the occurrence of patterns in the data can be evaluated
in different ways in order to find interesting patterns.

Representing results to the user is also important and the visualization of
results from mining semi-structured data enable the user to see the patterns
that are of interest to him or her.

The need for mining semi-structured data comes from the growing num-
ber of sources of semi-structured data; due to the growth of internet and
advances in bio-informatics. E.g., in the case of internet we want to know
how users make use of a website and how we can improve usability. Bio-
logical structures are often complex and many can be described using semi-
structured data, e.g., sequences to describe protein sequences or graphs de-
scribing molecules.

Next we give an overview of the rest of the thesis.

Chapter 2 will discuss the discovery of consecutive occurring patterns.
The chapter will start by defining consecutive support. Consecutiveness in
this thesis is defined as the number of occurrences of patterns where we take
into account the distance between transactions where the pattern occurred.
With distance is meant the number of in-between transactions (each taking
equal time and there are no time gaps between them) that did not contain
the pattern or the amount of time between timestamps. Of course, this only
makes sense if the transactions are given in some logical order.

Chapter 2 proceeds to discuss how we can prune the search space such
that we can have a lower minimal consecutiveness and still get results rea-
sonably quickly. Discovering consecutive occurring patterns can be combined
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with principles used before in combination with traditional support to find
interesting patterns. We show how we can combine these principles with
consecutiveness to discover new patterns. We apply consecutive support on
biological dataset containing anonymous patients and their deviation from
normal for several spots, clones, within the chromosomes. For all these pa-
tients, with the same illness, we search the most common sets of deviating
clones. Out of this we construct a picture showing which areas are most
commonly deviating from normal.

Related is Chapter 3: in this chapter the data about occurrences is used
to discover stable and balanced patterns occurring many times and with sim-
ilar time between intervals. The basic approach for stable patterns is to take
all pairs of occurrences and see if another occurrence (approximately) occurs
half-way. If this happens many times, the pattern has often similar time be-
tween intervals. The approach for balanced patterns prunes the search space
for patterns by deciding the number of occurrences of all distances (up to a
certain maximal distance) between all pairs and prune them if this is lower
than a user-defined threshold.

The pruning threshold for balanced patterns is more intuitive to the
data analysist. The advantage of balanced patterns is that its parameters
are easier to estimate. However its disadvantage, in comparison to stable
patterns, is that there has to be a maximal distance for which we keep a
count. One pattern discovered, during the experiments, was that one user
of portalexecutivo.com visited the research and training part every seven
days during one month.

Chapter 4 is about faster discovery of patterns when we know approx-
imately where patterns are located within a sequence. This domain knowl-
edge can be used when we search for the most discriminating patterns, pat-
terns occuring many times in one set of sequences and not in another. The
main application area for this technique is in the area of protein sequence
analysis. Two different groups of protein sequences are assumed to be most
different in the helix areas. The proposed speed-up of Chapter 4 was found
to depend mainly on how exact one can estimate the position (probable time
window) of the patterns within the (transaction) sequences. Furthermore it
became clear that the speed up also depends on the discriminative power
of the patterns, e.g., if we search for the ten best patterns and these pat-
terns are very discriminative then we can skip the counting of many other
patterns. This is because we can calculate their occurrence to be such that
they will never be more discriminative.

In Chapter 5, Chapter 6 and Chapter 7 the visualization of patterns for
different data is discussed.
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In Chapter 5 a model is built that visualizes co-occurring patterns. In
this way the user can quickly see which patterns often occur in the same
transactions and which almost only occur in different ones. The grouping of
patterns, as done in this chapter, improves the runtime and the readability
of the co-occurrence model.

In Chapter 6 an application is presented where the user can browse
the results of a frequent subgraph mining algorithm in different ways. First
of all one can start with one graph and extend it or shrink it to another
depending on it being frequent or not. E.g., the biologist can start with
one interesting pattern. They add or remove parts and make the pattern
biologically more relevant (and only a little bit less occurrence). For the
second way of browsing the algorithm first constructs groups of patterns
that are structural related and co-occur a lot. Then one can browse from
one group to the other quickly view the more interesting co-occurring groups
of structural unrelated patterns.

Finally in Chapter 7 a method of visual modelling co-occuring patterns in
streams is presented. Streams are potentially infinite, making an approach
that first mines for frequent patterns impossible. Our approach builds a
model of patterns in a stream by shrinking and growing patterns based on
their frequency and approximated co-occurrence (distance).

In Chapter 8 we apply our techniques on real data in scenarios based
(weblogs). It becomes clear that not all techniques are equaly effective in
the weblog scenario. E.g., discriminating pattern mining techniques give a
large number of interesting patterns. We also use a measure such that we
can discover patterns that are proportionally different. This allows us to find
patterns that are perhaps relatively small in their occurrence, but suprising
in their occurrence within the different groups (i.e., the pattern occurs much
more in one group). Finally we discuss how one can prune the search space
when this measure is used.

Co-occurrence modelling is less effective in this setting because most
sequences (of users going from page to page) are too short. For most of
these short sequences there are not many co-occurrening patterns.

1.5 Overview of Publications

Parts of this thesis are published in the form of papers. Next we give an
overview of the papers on which the different chapters are based.

Chapter 2: Mining with Consecutiveness
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A large part of this chapter is based on a paper in the Proceedings of the
ECML/PKDD Workshop on Data and Text Mining for Integrative Biology
(BIOWS’06) [29].

Chapter 3: Patterns with a Fixed Interval In Between

The content of this chapter is based on the paper published in the Proceed-
ings of the 18th Belgium-Netherlands Conference on Artificial Intelligence
(BNAIC’06) [25].

Chapter 4: Mining Balanced Patterns
The issues in this chapter were published in the Proceedings of the Interna-
tional Conference on Artificial Intelligence and Applications (ATA’08) [30].

Chapter 5: The Most Discriminating Patterns and Domain Knowl-
edge

Parts of this chapter are published in the Proceeding of the 17th Belgium-
Netherlands Conference on Artificial Intelligence (BNAIC’05) [28] and in
the Proceedings of 3rd International ECML/PKDD Workshop on Mining
Graphs, Trees and Sequences (MGTS’05) [27].

Chapter 6: Visualization of Graph Patterns

The content of this chapter is based on the paper published in the Proceed-
ings of the 27th SGAI International Conference on Artificial Intelligence
(AT’07) [24].

Chapter 7: Improved Exploration of Graph Mining Results

This chapter is largely based on the work as published in the Proceeding of
the 4th IFIP Conference on Artificial Intelligence Applications & Innovations
(AIAT07) [23].

Chapter 8: Displaying Graph Pattern Co-Occurrence in Streams
The work in this chapter was published in the Proceedings of the 19th
Belgium-Netherlands Conference on Artificial Intelligence (BNAIC’07) [26].






Mining with Consecutiveness

We propose a new measure of support (the number of occurrences of a pat-
tern) in which instances are more important if they occur with a certain
frequency and close after each other in the stream of transactions. We will
explain this so-called consecutive support and discuss how patterns can be
found faster by pruning the search space, for instance by using “parent sup-
port recalculation”. Both consecutiveness and the notion of hypercliques are
incorporated simultaneously into the ECLAT algorithm. This combination
results into new patterns.

Examples using artificial datasets show how interesting phenomena can
be discovered. The new measure of support can be applied in many areas,
ranging from bio-informatics to trade, retail, and even law enforcement. E.g.,
in bio-informatics it is important to find patterns contained in many individ-
uals, where patterns close together in one chromosome are more significant.

2.1 Introduction

In earlier research de Graaf et al. explored the use of frequent itemsets to
visualize deviations in chromosome data concerning people with a certain ill-
ness, genomic profiling [31]. During this exploration of the problem it became
apparent that patterns are more important when the areas (transactions)
in which they occur are close together. The consecutiveness of transactions
containing the pattern plays an important role in certain applications. Here
patterns are frequent sets of items where frequent means that their support,
that can be defined in different ways, is larger than the minsup threshold.
In a biological problem setting the items can be individuals and the trans-

13
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actions can be “clones”, pieces of the chromosome that might occur more
or less often than in a healthy individual. Patterns in close transactions are
better because they are close together in the chromosome and are biologi-
cally more significant than patterns that are far apart and are in different
chromosomes.

Consecutive support informally is the support or the number of occur-
rences of patterns where we take into account the distance between trans-
actions where the pattern occurred. With distance is meant the number of
in-between transactions that did not contain the pattern. Of course, this
only makes sense if the transactions are given in some logical order. This
type of support can be applicable in a number of domains:

e Retail. E.g., big supermarkets receive large quantities of goods every
day. Knowing which goods will be sold in large quantities close in time
helps the supermarket decide when to refill these goods.

e Trading. E.g., a combination of stocks being sold once may lead to
waves of these stocks being sold close after each other while other
combinations might not.

e Law enforcement. E.g., when police officers investigate telephone
calls, subjects that are discussed during a longer period might be more
interesting than subjects (word combinations) that are mentioned of-
ten at separate moments.

This type of support still needs to be defined and its usefulness needs to
be shown. To this end, this chapter makes the following contributions:

e We define different variations of consecutive support, having
two parameters. We will define this support with a reward factor p
and a punishment factor o; and we will show how this can be imple-
mented.

e We will show how to speed up the search by pruning the
search space. Some methods of pruning will not give all patterns,
but we can find most of the important patterns faster. Other pruning
methods (i.e., “parent support recalculation”) will not influence the
outcome, but they require more calculation and the speed up is less.
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e We will show the usefulness of consecutive support using a
motivating example. With our experimental results we show how
consecutive support, compared to the results in [31], gives new and
interesting patterns when applied in a biological setting of finding pat-
terns in chromosomes.

Our research is related to work done on the (re)definition of support, gap
constraint and weighted association rule mining. The notion of support was
first introduced by Agrawal et al. in [3] in 1993. Much later Steinbach et al.
in [63] generalized the notion of support providing a framework for different
definitions of support in the future. Our notion of consecutive support is
not easily fitted in the eval-function provided there. (Next to the framework
Steinbach also provides a couple of example functions.) Our work also has
some relation with research done in [65] concerning weighted association rule
mining where different items have different weights. Consecutive support can
be seen as weighted patterns based on distances between transactions that
contain them.

If we take a market basket database as an example, we will have a
database where the customers (or transactions) are itemsets of products they
bought. We could invert this database such that transactions correspond to
the products, and are itemsets of customers that bought the product. Now
we can search for patterns and with techniques like the time window con-
straint as defined in [43] or the gap constraint as defined in [5], we can search
for customers who bought products close in time. However the combination
of products that were bought will be lost. Furthermore in our case we want
to know which products occur often in combinations. Work in this chapter
is related to [31] where it was stated that the biological problem could profit
from incorporating consecutiveness into frequent itemset mining.

Finally this work is related to some of our earlier work. In [27] we men-
tioned that support is just another measure of saying how good a pattern
fits with the data. There we defined different variations of this measure, and
consecutive support can been seen as such a variation.

2.2 Consecutive Support

The definition of association rules relies on the notion of support: the number
of transactions that contain a given itemset. In this chapter we propose a
more general definition, that takes the consecutiveness of the transactions
into account.



16 Consecutive Support

Suppose items are from the set Z = {1,2,...,n}, where n > 1 is a
fixed integer constant. A transaction is an itemset, which is a subset of Z.
A database is an ordered series of m transactions, where m > 1 is a fixed
integer constant. If an itemset is an element of a database, it is usually
referred to as a transaction.

The traditional support of an itemset I with respect to a database D, de-
noted by TradSupp(7, D), is the number of transactions from D that contain
I. Clearly, 0 < TradSupp(I, D) < m.

We now propose a more general definition. Fix two real parameters p > 0
and 0 < o < 1. Suppose we have an itemset I and let O; € {0,1} (j =
1,2,...,m) denote whether or not the 4" transaction in the database D
contains I (O; is 1 if it does contain I, and 0 otherwise; the O;’s are referred
to as the O-series). The following algorithm computes a real value ¢ in
one linear sweep through the database and the resulting ¢ is defined as the
consecutive support of I with respect to D (denoted by Supp(I, D, p,0)):

t:=0; 7 :=1; reward := 0;
while ( j <m ) do
if (O;=1) then
t:=t+ 14 reward; reward := reward + p;
else
reward := reward - o;
fi
J=Jj+L
od

The consecutive support t can become very large, and one could for example
use /¢ instead. In our examples we will not use v/¢, and just employ t.

Example 2.2.1 Assume that the O-series of a certain pattern I equals
101101, p =1 and o = 0.1. The consecutive support ¢ will then be 5.41:

O 110 1 1 0 1
reward | 0| 1]01]1.1|21]|0.21
t 1111211421421 541

Note that during the loop the value of reward, which “rewards” the oc-
currence of a 1, is always at least 0. If reward would never be adapted, i.e., it
would remain 0 all the time, this algorithm would compute TradSupp(Z, D).
We easily see that 0 < Supp(I,D,p,0) < m + m(m — 1)p/2. The max-
imum value is obtained if and only if all transactions from the database
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D contain I, i.e., an O-series entirely consisting of 1s. Only the all Os se-
ries gives the minimum value 0. Furthermore we have for any 0 < o <
1: Supp(I,D,0,0) = TradSupp(I,D). For all p > 0 and 0 < o < 1,
Supp(Z, D, p,o) > TradSupp(I, D) holds. Finally, note that the so-called
APRIORI property [3] or anti-monotonicity constraint is satisfied: for all
p>0and 0 <o <1, Supp(Z,D,p,0) > Supp(I’,D,p,o) if the item-
set I’ contains the itemset I. This follows from the observation that the
reward-values in the I’-case are never larger than those in the I-case.

It is not hard to show that for the O-series 1910°11920% .. (Qb»-119 (a

series of aj 1s, by Os, ag 1s, by Os, ..., by—1 Os, a, 1s) consecutive support
equals
ZQ“L/’ Zaz a;i—1)/24p Y aaot Tt
1<i<j<n
(1 n p/2)S + pSQ/Q —p Z aiaj(l — O'bi+bi+1+"'+bj,1)’
1<i<j<n

where S = """ | a;; here 0° must be interpreted as 1 (an exponent 0 can be
avoided by demanding all b;’s to be non-zero; if we also demand all a;’s to
be > 0 both the number n and the numbers a; and b; are unique, given an
O-series). The formula follows from the fact that if reward equals €, then the
series 1¥0¢ changes this into (¢ + kp) - of, meanwhile giving a contribution
of k+ ke +k(k—1)p/2 to the consecutlve support. An extra series 0° at the
beginning or end has no influence on the consecutive support.

The second term of the equation, p > ;" | ai(a; — 1)/2, consists of the
p’s added for a subset of consecutive 1s in the O-serie. The last term of
the equation is the addition of the rewards from the previous consecu-
tive 1s decreased with o because of the number of 0Os between the groups
of consecutive 1s. Also note that when we choose p = 2 we get S% — p
Di<icj<n @i (1 — gbitbitit+b-1) This shows that consecutive support is
at most S? if p=2.

Example 2.2.2 Take p = 2. Then the O-series 1°0¢1* has consecutive sup-
port 81 —40(1 — o*). As £ — oo this value approaches 41 = 52 + 42, whereas
for small £ and o =~ 1 it is near 81 = (5 + 4)2.

It can be observed that the consecutive support as defined above only
depends on the lengths of the “runs” and the lengths of the intermediate
“non-runs”: the a;’s and b;’s above. Here a run is defined as a maximal
consecutive series of 1s in a 0/1 sequence. Indeed, the sum Y7 ;1 b equals the
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number of 0s between run ¢ and run j. This also implies that the definition
is symmetric, in the sense that the support is unchanged if the order of the
O-series is reversed — a property that is certainly required. (In fact, this is
due to the fact that p is added, while we multiply by o.)

Instead of this way of calculating consecutive support it is also possible
to augment the O-series with time stamps. Then one is able to use the
real time between two transactions in calculating the consecutive support.
In the previous definition each transaction was assumed to take the same
amount of time and there are no time gaps between transactions. Another
improvement might be to reinitialize reward to 0 at suitable moments, for
instance at chromosome boundaries or at “closing hours”.

We now consider algorithms that find all frequent itemsets, given a
database. A frequent itemset is an itemset with support at least equal to
some pre-given threshold, the so-called minsup. Thanks to the APRIORI
property many efficient algorithms exist. However, the really fast ones rely
upon the concept of FP-TREE or analogues, which does not keep track of
consecutivity. This makes these algorithms hard to adapt for consecutive
support.

One fast algorithm that does not make use of FP-TREES is called ECLAT
[77]. ECLAT grows patterns recursively while remembering which transac-
tions contained the pattern, making it suitable for consecutive support. In
the next recursive step only these transactions are considered when counting
the occurrence of a pattern. All counting is done using a matrix and patterns
are extended with new items (using the order in the matrix). This can easily
be adapted to incorporate consecutiveness. The ECLAT algorithm works as
follows:

1. Construct a matrix where rows are transactions and columns are the
items.

2. For each 1-item itemset count their support and store in which trans-
actions they occur.

3. Make an ordering for these items.

4. Extend a k-item itemset (parent pattern) to a (k 4 1)-item itemset
(child pattern) by adding one item that comes later in the order.
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5. Count the support for the (k + 1)-item itemset and update the sets of
transaction in which the pattern occurs.

6. Recursively continue until the minsup is reached.

2.3 Pruning Methods

The consecutive support of patterns can be much higher than the traditional
support. As a consequence more patterns will be frequent or the minimal
support threshold should be set much higher. Pruning is important, since a
high minimal support might result in the skipping of interesting patterns.
The lower we can set our minimal support, and still find a solution fast, the
more flexibility the algorithm allows the user. In this chapter we propose
several pruning methods. These are implemented in our version of ECLAT,
which counts consecutive support. Our version of ECLAT will be called from
here on CONSECLAT.

We will propose different pruning methods (to be discussed in detail in
the next subsections):

e “Parent Support Recalculation”, given the support of the parent pat-
tern and the collected child pattern support, we can calculate (while
counting) if minsup can still be reached for the child.

e “Introducing o”, with o we let the user estimate the probability of a
child pattern occurring. In this way the calculated maximal achievable
support becomes an estimate.

o “Exact Depth”, here we prune those patterns that will never reach an
user-defined minimal length.

Some of the used pruning methods influence the completeness: one will not
get all patterns, because we will stop counting based on probabilities.

2.3.1 Parent Support Recalculation

The first pruning method we discuss does not affect completeness. Basi-
cally this parent support recalculation method does the following for each
transaction 7:
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e Calculate the consecutive support the parent had collected before con-
sidering transaction r, where the child is the current itemset, being the
parent itemset generated in the previous recursive step extended with
one item.

e Subtract this support from the total support of the parent.

e Add to this the support the child pattern has collected up until now.
The child can still maximally achieve this consecutive support, from
here on called mazimal achievable support.

e Return a support of 0 if this is less than the minimal support.

In re-calculating the support of the parent pattern at a certain transaction
we make use of the fact that we store which transactions contained the parent
pattern. In CONSECLAT we use a list of transaction numbers that contain the
pattern. With these numbers we can (re)calculate the consecutive support
of the parent in the same loop through the database:

reward_parent := reward_parent - o %l
partial _support_parent := partial_support_parent + 1 + reward_parent
reward _parent := reward_parent + p

where diff is the number of transactions that did not contain the parent
pattern:

diff = current_transaction_number — last_transaction_number — 1

Here last_transaction_number is the transaction number of the last trans-
action (before current_transaction_number, the current one) that contained
the parent pattern. Now the maximal achievable support for the child is as
follows:

possible := parent_total — partial_support_parent + support

The variable parent_total is the support the parent pattern was able to
achieve and support is the consecutive support that the child-pattern was
able to “collect” until the current transaction.

Now the algorithm will stop counting support when it is no more possible
to still achieve a support that is higher than the minimal support. The child
pattern can at most get the maximal achievable support, because it can
never score better than its parent on the remaining transactions.
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Example 2.3.1 Assume the following “child”-pattern that is an extension
of the “parent”-pattern:

‘ Oparent ‘ 1‘
| Ochita | O]

1] 1
ofof o] o]

Furthermore assume minsup = 5, 0 = 0.1 and p = 1.0; then we can stop
counting support when we encounter the second zero. At that point we
know that at most we can get a consecutive support of 4.03 (the consecutive
support of the parent was 7.03 and a consecutive support of 3 was lost in
the child).

2.3.2 Introducing «

In the parent support recalculation method we assumed that the remaining
transactions will all contain the child. This is an optimistic estimate neces-
sary for guaranteeing completeness. We could assume that the child pattern
will be contained in less than all of the remaining transactions o, 0 < o < 1.
We then introduce this « in the calculation of maximal achievable support:

possible := « - (parent _total — partial _support_parent) + support

This will speed up the mining process, but we lose completeness.

2.3.3 Exact Depth

In the case of our motivating example biologists expressed the desire to
visualize only long patterns, because the small patterns are so numerous
that affected areas are less recognizable. This wish to only get patterns of
a certain minimal length can be used for pruning. Hence we allow the user
to set the minimal length 7 that patterns should have, and we can prune if
the following holds:

last_frequent_item — item < n — depth

where the items are represented as numbers lexicographically ordered in
the matrix used by CONSECLAT, last_frequent_item is the last item in that
matrix that is still frequent and item is the current item that we are consid-
ering. The depth is the recursive depth, which is equal to the length of the
pattern. If the inequality statement holds then the pattern will never reach
the required length 7 and it can be pruned.
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Example 2.3.2 Assume given the following database:

item numbers:

transaction 1

transaction 2

= OO N
e el e Y

= O =W

Ol | =]~

transaction 3

Assume that n = 4, the parent item set is {1} and we are considering to
extend this with {3} to the child {1,3}. However 4 —3 < 4 —2 and so {1, 3}
and all its children are pruned.

2.3.4 Hyperclique Patterns and h-confidence

Many principles applicable to traditional support can still be used when one
considers consecutive support. In the case of our working example we wanted
to consider patterns with a minimal consecutive support of 25. Unfortunately
there are many patterns with this support. In order to speed up the search
and to filter out uninteresting patterns we can search for hyperclique patterns
as described in [73].

Definition 2.3.1 (Hyperclique pattern) Assume we have a minimal con-
fidence threshold h.. An itemset p is called a hyperclique pattern in the case

that when each item of p occurs that the other items also occur in “most

cases”. The latter is decided by calculating confidence and using he.

We explain hyperclique patterns using by means of an example:

Example 2.3.3 First a minimal confidence threshold h. is defined, say h. =
0.6 and then we want to know if {A, B,C} is a hyperclique pattern. We
calculate the confidence of {A} — {B,C}, {B} — {A,C} and {C} —
{A, B}. The lowest of these confidences is the h-confidence, which must be
higher than h.. Assume that conf(A — B,C) = Supp({A, B,C},D,p,0) /
Supp({A}, D, p,0) = 0.58. Then {A, B,C'} is no hyperclique pattern.

When we combine the concept of consecutive support with hyperclique
patterns we get patterns that occur frequent, but in the flow of transactions
close after each other, and there is a strong affinity between items: the
presence of x € P, where P is an item set, in a transaction strongly implies
the presence of the other items in P.

Hyperclique patterns possess the cross-support property. This means that
we will not get cross-support patterns (patterns containing items of substan-
tially different support levels).
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We can easily see that hyperclique patterns possess the cross-support
property. If one item has a high support and another item has a low support
then the h-confidence will be low if the denominator is the item with the
high support.

Example 2.3.4 Say A is an item with a consecutive support of 200 and B
has a consecutive support 50. The support of {A, B, C'} will at most be 50
because of the APRIORI property (the support of the superset is always the
same as or less than the support of its subsets). So the confidence conf(A —
B,C') can at most be 50/200 = 0.25. As a consequence the h-confidence of
{4, B,C} will also be at most 0.25. And if h. = 0.6 then {A, B,C} and all

the patterns that are grown from it can be pruned.

The combination of hyperclique patterns and consecutive support al-
lows us to find patterns that occur in transactions that follow each other
close, yet minimal support can be relatively low. This property is especially
handy for our motivating example, because a minimal consecutive support
of 25 will generate many cross-support patterns, which are pruned if we
search only for hyperclique patterns. Hyperclique patterns also possess the
anti-monotone property, because as patterns grow the numerator of the con-
fidence calculation stays the same or declines. The denominator stays fixed
and so h-confidence will decrease or stay the same:

Example 2.3.5 Assume conf(A — B,C) = 0.58. The superset {4, B,C, D}
will at most have the same consecutive support as {4, B,C}. Also the de-

nominator Supp({A}, D, p, o) stays the same, so the h-confidence of the set
{A,B,C, D} can at most be 0.58.

2.4 Results and Performance

In this section we test the implementation by a number of experiments. The
experiments were done for three main reasons. First of all we want to show
that consecutive support can enable one to find new patterns that one does
not find with the traditional support. Secondly we want to show how using
the principle of h-confidence one can filter the data. Finally we want to give
an indication how the reward factor p and punishment factor o should be
chosen.

We do not see a correlation between traditional and consecutive support
other than the fact that patterns with a high support are expected to be
more consecutive. Here we will not further study this correlation. However
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it could be interesting to further investigate this effect since some patterns
have a lower support than others but they occur more consecutive. It must
be noted however that a measure incorporating this effect have not been
found to be anti-monotone and as such makes pruning difficult.

All experiments were done on a Pentium 4 2.8 GHz with 512MB RAM.
For our experiments we used two real datasets and four synthetic datasets.
One real biological dataset, referred to as the Nakao dataset, was also used
in [31]. This data set originates from Nakao et al. who used the dataset in
[53]. This publicly available dataset contains normalized log,-ratios for 2,124
clones, located on chromosomes 1-22 and the X-chromosome. Each clone is
a transaction with 2 to 1,020 real numbers corresponding to patients. We
can look at gains and/or losses. If we consider gains, a patient is present
in a transaction (clone) if his value is at least 0.225 higher than that of a
healthy person (for losses at least 0.225 lower).

The second real dataset we call the one-user dataset and it contains the
webpages accessed by one heavy user of the former portalexecutivo.com
website on a single day. Some days there is no access and hence some of the
1,603 transactions are empty. Webpages are categorised resulting in a total
of 185 possible items for every transaction.

Two datasets are synthetic databases, but structured like the dataset
of clones. One of these datasets, the noisy dataset, contains more noise
than the other, the ideal dataset. The precise structure of these datasets is
described in [31]: both the noisy and the ideal dataset consist out of 3,200
clones with 150 real numbers as the items (the patients). The ideal datasets
has 115 items with sufficient gains and 70 with sufficient losses. Depending
on if you analyse losses or gains, “sufficient” means we have 115 frequent
1-itemsets or 70 frequent 1-itemsets. The noisy datasets all 1-itemsets are
frequent (gains and losses).

The remaining datasets are synthetic datasets made to show how consec-
utive support can be used to find patterns that could not be found before.
The third synthetic data set, referred to as the food+drink dataset, de-
scribes a cafe-restaurant where in the middle of a day a lot of people buy
bread and orange juice; it has 1,000 transactions (customers) and 100 items
(products). The fourth synthetic data is called the coffee+cookie dataset,
where in the cafe-restaurant small bursts of people buy coffee and a cookie
(during the day in the coffee breaks). This dataset also has 1,000 transac-
tions (customers) and 100 items (products). The synthetic datasets are all
available from the MISTA website mista.liacs.nl.
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Figure 2.1: Number of patterns from the Nakao dataset as p increases (gains,
minsup = 625, c = 0.5)

450000

400000

350000

300000

250000

#patterns

200000

150000

100000

50000

0 L L L L L L L L L
0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55 0.6

Sigma

Figure 2.2: Number of patterns from the Nakao dataset as o increases (gains,
minsup = 625, p = 2.0)

2.4.1 Consecutive Support

Figure 2.1 and Figure 2.2 show how the number of patterns increases with
p and o. Each setting therefore requires another minsup. The height of the
consecutive support depends on how high we choose p and o. A higher re-
ward and a weak punishment will lead to a higher consecutive support. A
higher minsup threshold will give as an outcome more occurring patterns
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that are more consecutive. Usually a user wants to know those patterns oc-
curring a minimal number of times, but consecutive. When choosing minimal
consecutive support (minsup) one should choose it higher than the minimal
occurrence threshold and lower than the power of the minimal occurrence
threshold. When choosing the latter one would only find either more occur-
ring or extremely consecutive patterns.

In some cases it is best to select the minsup such that one gets a fixed
number of patterns, e.g., 1,000, in order to compare the results.

1000

800 —

600 —

#patterns

200

0
0 100 200 300 400 500 600 700 800 900 1000

Transaction

Figure 2.3: Occurrence graph of food+drink using traditional support
(minsup = 257)

In the experiments of Figure 2.3, 2.4, 2.5 and 2.6 we tried to find approx-
imately 1,000 patterns with the highest traditional or consecutive support.
After this we count for each transaction how many patterns it contains,
allowing us to see how active areas are. For the Nakao dataset more active
means that many clones (gains) in the same area are present in many groups
of patients.

Figure 2.3 and Figure 2.4 show where patterns occur when we use tra-
ditional support, giving results similar to those in [31]. For each transaction
the number of patterns that it occurs in is plotted in a so-called occurrence
graph. In each of these graphs we will indicate chromosome borders when
the Nakao dataset is visualized. In the food+drink dataset it is very clear
that consecutive support enables us to see new patterns. Figure 3.3 shows
that in certain areas patterns are more consecutive. Figure 2.6 shows that
certain areas are less active if we use consecutive support instead of tradi-
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Figure 2.4: Occurrence graph of Nakao using traditional support (gains,
minsup = 129)
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Figure 2.5: Occurrence graph of food+drink using consecutive support
(minsup = 467, p = 1.0 and o = 0.5)

tional support (chromosomes 7 and 8, near clones 600 and 800) and some
areas contain more patterns (chromosome 9, near clone 1000), hence pro-
viding patterns that occur together in one part of the chromosome instead
of far apart.

In order to evaluate the effect of noise on consecutive support we used
the ideal and noisy dataset. These datasets are generated with properties
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Figure 2.6: Occurrence graph of Nakao using consecutive support (gains,
minsup = 827, p = 1.0 and o = 0.5)
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Figure 2.7: Occurrence graph of the ideal dataset using traditional support
(gains, minsup = 479)

similar to the Nakao dataset. The results for the ideal dataset are plotted
in Figure 2.7 and 2.8.

Figure 2.7 shows that some interesting areas are less clear when using
traditional support. However they become more apparent when we apply
consecutive support.

The results for the noisy dataset are displayed in Figure 2.9 and 2.10,
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Figure 2.8: Occurrence graph of the ideal dataset using consecutive support
(gains, minsup = 6,180, p = 2.0 and o = 0.7)

because of the noise the middle peak becomes less clear. However overall the
results seem hardly to be affected by noise.
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Figure 2.9: Occurrence graph of the noisy dataset using traditional support
(gains, minsup = 617)
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Figure 2.10: Occurrence graph of the noisy dataset using consecutive sup-
port (gains, minsup = 6,039, p = 2.0, 0 = 0.7)

2.4.2 Selection of p and o

The goal of the experiments in this subsection is to give some guidance in the
selection of the reward factor p and the punishment factor o. Each pattern
has its corresponding O-series that indicates in which transactions it occurs.
The right parameters should result in many patterns of which the O-series
has large groups of consecutive 1s.

Figure 2.11 plots the average number of consecutive groups of 1s and 0s
for all patterns. Here the value for minsup is heuristically chosen by linearly
deriving it from minsup as it was empirically decided for p = 2.

The plot gives an indication of consecutiveness of patterns found using
different settings of p and o (less groups indicate more consecutiveness). The
plot seems to stabilize around p = 2. Figure 2.12 and 2.13 show that only if
we choose o very close to 1.0 we get results more like those for traditional
support. However, Figure 2.13 still shows some influence of p. For the Nakao
dataset it seems that if p ~ 2, then the influence of ¢ is minimalized as
long as o is not too close to 1.0. Also similar experiments showed significant
changes in the occurrence graph only if p was chosen very small.

In Figure 2.14 we see the number of groups of 1s and 0s drop in a similar
fashion for the one-user dataset. However we also see a sharp drop if o is
exactly 1.0, i.e., no punishment for gaps. This is probably caused by the fact
that the one-user dataset contains many very consecutive patterns with
only some very large gaps between their occurrence. The users often went
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Figure 2.11: Effect of p and o on the O-series for the Nakao dataset (gains,
minsup = 625 - (p/2), heuristically chosen to guarantee a reasonable amount
of patterns)
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Figure 2.12: Occurrence graph of Nakao using consecutive support (gains,
minsup = 2,498, p = 2.0 and o = 0.8)

online for a couple of days and then stayed offline for a long period. It is
also likely that the user did one type of task during one week and another
type of task the next week (requiring different pages) and the other type
again after a while. In this way one gets many patterns with large groups of
0s (non-occurrences) between groups of 1s (occurrences).
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Figure 2.13: Occurrence graph of Nakao using consecutive support (gains,
minsup = 6,157, p = 2.0 and o = 0.99)
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Figure 2.14: Effect of p and ¢ on the O-series for the one-user dataset
(gains, minsup = 25)

2.4.3 Combination with h-confidence

In the following experiments the goal was to show that combining hy-
perclique patterns, see Example 2.3.5 with consecutive support enables us
to see patterns occurring in bursts. In order to show this we used the
coffee+cookie dataset, where in the cafe-restaurant small bursts of people
buy coffee and a cookie (during the day in the coffee breaks). This dataset
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has 1000 transactions (customers) and 100 items (products).
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Figure 2.15: Occurrence graph of coffee+ cookie using only h-confidence
(minsup = 64, h. = 0.5)
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Figure 2.16: Occurrence graph of coffee+cookie using only consecutive
support (minsup = 225, p = 1.0, 0 = 0.5, h, = 0)

Figure 2.15

does not show the small groups buying the same products:

just hyperclique patterns do not reveal the bursts. Figure 2.16 shows that
with only consecutive support we are also unable to discover these patterns.
Figure 2.17 shows people buying the products in bursts. Consecutive support
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stresses patterns that are consecutive and the principle of h-confidence filters
out the noise caused by cross-support patterns.

When we apply these techniques to the Nakao dataset (losses), in Figure
2.19, we can see, e.g., on chromosomes 14 and 15 (near clone 1,600) that
certain areas become more active compared to not using h-confidence in
Figure 2.18.
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Figure 2.17: Occurrence graph of coffee+cookie using both consecutive
support and h-confidence (minsup = 64, p = 1.0, 0 = 0.5, h, = 0.31)
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Figure 2.18: Occurrence graph of Nakao: consecutive support (losses,
minsup = 400, p = 1.0, 0 = 0.9, h. = 0)



Chapter 2 35

1600

1400

1200

1000

800

#patterns

600

400
200 k
0

Figure 2.19: Occurrence graph of Nakao: consecutive support and h-
confidence (losses, minsup = 25, p = 1.0, 0 = 0.9, h. = 0.15)

A |

T ' |
LI ; J(‘ k “lm L J

1000 1500 2000 2500
Transaction

2.5 Conclusions

From our experimental results it follows that consecutive support enables us
to find new and useful patterns compared to traditional methods. Principles
applicable to traditional support can still be used with consecutive support:
for instance the combination of consecutive support and the h-confidence
threshold enables us to find small bursts of patterns. In this case h-confidence
filters out noise and consecutive support amplifies the bursts.

Consecutive support might result in many more patterns. Because of this,
pruning the search space is important. In this chapter we proposed a number
of methods for pruning, where some methods do not give all patterns.

Using the distance between transactions (like it was done in this chap-
ter) is an interesting area of research. In the future we want to examine
if consecutive support enables us to visualize even more types of behavior.
Also we want to see if we can speed up the search for consecutive patterns
even more. Finally we want to extend consecutive support by using distance
between transactions in different ways, which hopefully will give us new and
interesting patterns.






Patterns with a Fixed Interval

In Between

In this chapter we propose a new measure of support: we count the number of
times a pattern occurs (nearly) in the middle between two other occurrences.
We will define this measure formally and show how it can be added to
the EcLAT algorithm for finding frequent patterns. We will show that if
patterns occur often in the middle transaction, then the interval between
their occurrences is stable.

We will use the deviation of the number of in-between non-occurrences to
pick patterns with a fixed occurrence interval; we will call these “balanced”.
Because the anti-monotone property does not hold, we will also introduce a
new way of pruning the search space.

3.1 Introduction

This research is related to work done on the (re)definition of support, us-
ing time with patterns and the incorporation of distance measured by the
number of transactions between pattern occurrences. The notion of support
was first introduced by Agrawal et al. in [3] in 1993. Since then many new
and faster algorithms where proposed. We make use of ECLAT, developed by
Zaki et al. in [77]. Steinbach et al. in [63] generalized the notion of support
providing a framework for different definitions of support in the future. Our
work is also related to work described in [50] where association rules are
mined that only occur within a certain time interval. Furthermore there is
some minor relation with mining data streams as described in [11, 20, 66],
in the sense that they use time to say something about the importance of a

37



38 Stable Patterns

pattern.

Finally this issue is related to some of our earlier work. Results from [31]
indicated that the biological problem could profit from incorporating consec-
utiveness into frequent itemset mining, which was elaborated in Chapter 2.
In the case of stable patterns we also make use of the transactions and the
distance between them. Secondly in Chapter 5 it was mentioned that sup-
port is just another measure of saying how good a pattern fits with the data.
There we defined different variations of this measure, and stability can been
seen as one such variation.

3.2 Stable Patterns

Mining frequent patterns is an important area of data mining where we
discover substructures that occur often in (semi-)structured data. In this
chapter we will further investigate one of the simplest structures: itemsets.
Much research has been done in the area of frequent itemset mining. We will
propose an algorithm that discovers patterns that occur at regular moments,
or rather in regular intervals. This will enable us to mine for events that
occur, e.g., every Friday. The technique can be extended to more complicated
structures like sequences.

Stable patterns are patterns that occur frequent and with certain in-
tervals. The interval is the number of transactions without the pattern in
between two transactions (events) with the pattern. Instead of discovering
stable patterns one could consider to add an extra item, for example the day
of the week. However by discovering stable patterns we hope to find more
unexpected intervals, e.g., every three hours a pattern occurs.

We will define this type of support and show its usefulness. To this end,
this chapter makes the following contributions, with emphasis on the first
and second:

— We will define stable patterns and show that they possess the
APRIORI property. This means that if pattern p’ is contained in pattern
p, then the stability value of p is at most equal to that of p’. The property
makes an efficient implementation possible.

— Furthermore we will propose an algorithm for the discovery of stable
patterns and discuss its efficiency.

— Finally we will show that this enables us to find new and interesting
patterns via explorative experiments on real and synthetic datasets.

Our working example is the mining of an access log from the Computer
Science Institute of Leiden University. This access log will first be converted
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to sets of properties in, e.g., pages visited every hour. From here on we call
this dataset the website dataset.

The formal definitions concerning stable patterns and an algorithm are
given in Section 3.3. In Section 3.5 we present experimental results.

3.3 Definition

In this section we will define stable patterns. In particular, patterns that
occur at regular intervals (e.g., at equidistant time stamps) will be called
stable. In order to judge this property, we will determine how often events
occur “in the middle” between two other events.

In this chapter a dataset consists of transactions that take zero time.
Each transaction is an itemset, i.e., a subset of {1,2,3,..., maz} for some
fixed integer maz. The transactions can have time stamps; if so, we assume
that the transactions take place at different moments. We choose some no-
tion of distance between transactions; examples include: (1) the distance is
the time between the two transactions and (2) the distance is the number
of transactions (in the original dataset) strictly in between the two trans-
actions. We will define Trans(p) as the series of transactions that contain
pattern (i.e., itemset) p; the support of a pattern p is the number of elements
in this ordered series.

We now define w-stable patterns as itemsets that occur frequent (support
> minsup) in the dataset and that have stability value > minstable, where
the values minsup and minstable are user defined thresholds. A w-good triple
(L, M, R) consists of three transactions L, M and R, occurring in this order,
such that |distance(L, M) — distance(M, R)| < 2 - w; here w is a pregiven
small constant, e.g., w = 0. The stability value of a pattern p is the number of
w-good triples in Trans(p), plus the number of transactions in Trans(p) that
occur as left endpoint in a w-good triple, plus the number of transactions
in Trans(p) that occur as right endpoint in a w-good triple.

Note that the stability value of a pattern p’ with p’ C p is at least equal to
that of p: the so-called APRIORI or anti-monotone property. Also note that
the stability value remains the same if we consider the dataset in reverse
order.

We now show that equidistant events are “very” stable (in case w = 0):

Theorem Suppose that Trans(p) has n elements, so p has support n. If
Trans(p) satisfies:

1. n — 2 elements occur as the left endpoint of a 0-good triple,
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2. n — 2 elements occur as the right endpoint of a 0-good triple, and

3. the number of 0-good triples equals [n/2]([n/2] — 1)
i.e., for even n: n/2(n/2 — 1); for odd n: ((n — 1)/2)?

then the transactions in Trans(p) are equidistant. The values in 1, 2 and 3
are maximal, as is their sum.

Proof We proceed from the right (formally by induction). The end of the
sequence Trans(p) = (T1, T, ..., T,) looks like:

- L&R L&R L&R L&R L&R R R
' Tn—6 Tn—5 Tn—4 Tn—S Tn—2 Tn—l Tn
6 5 4 3 2 1 0

Here L/R denotes: this T; is a left/right endpoint in a 0-good triple; the
numbers beneath the T;’s indicate the number of times T; is the middle of
a 0-good triple.

First observe T,,_9,71,,_1 and T,,, where T,,_5 is a left endpoint of a 0-
good triple; this implies that distance(T,,—2,Ty—1) = distance(Ty—1,T,,) = a
for some a.

Now suppose we have the following situation: 7; = L (with ¢ > |[n/2])
is the left endpoint of a 0-good triple (L, M, R), for some M = T; with
J > i; furthermore a = distance(Ty, Ty41) for all £ > i. Now T} occurs n — j
times as middle of 0-good triples, whose right endpoints are the consecu-
tive Tjy1,...,T,. We can conclude that distance(T;,Tiy1) = a. So we have
distance(Ty, Tp11) = a for £ = |n/2|,[n/2| +1,...,n.

Similarly, using the right endpoints, one can show that distance(Ty, Tp41) =
b for some b (¢ =1,2,...,[n/2]). Using £ = [n/2] we see that a =b. [ ]

Example 1 Assume we have the following itemsets in our dataset:

transaction 1: {A, B, C}
transaction 2: {D, C}
transaction 3: {A, B, E'}
transaction 4: {F, F'}
transaction 5: {A, B, F'}
transaction 6: {E, F'}
transaction 7: {A, B, F'}
transaction 8: {E, F'}
transaction 9: {A, B, C'}



Chapter 3 41

As distance we take the number of intermediate transactions. The stability
value (with w = 0) of {A,B} is 4 + 3 + 3 = 10, the maximal value possi-
ble. There are 4 0-good triples; we have 3 transactions that are left (right)
endpoint of a 0-good triple (see picture below, left). If we insert two trans-
actions {E, F'} between transaction 1 and 2, and also two between 8 and 9,
we still have 4 0-good triples, but now we only have 2 transactions that are
left (right) endpoint of a good O-triple (see picture below, right), leading to
stability value 44+2+2 = 8 < 10. This example shows that condition & from
the Theorem is in itself not sufficient yet in order to guarantee equidistance.

3.4 Algorithm

We now consider algorithms that find all stable patterns, given a dataset.
Thanks to the APRIORI property many efficient algorithms exist. However,
the really fast ones rely upon the concept of FP-TREE or something similar,
which does not keep the order of transactions. This makes these algorithms
hard to adapt for discovering stable patterns.

EcCLAT [77] is a fast algorithm that does not make use of FP-TREEs; it
grows patterns recursively while remembering which transactions contained
the pattern, making it very suitable for our purpose. In a recursive step
only these transactions are considered when counting the occurrence of a
pattern. All counting is done by using a matrix and patterns are extended
with new items using the order in the matrix. This can easily be adapted to
incorporate stability.

Now suppose that Trans(p) = TP¥" with n = |TP4"|  is the ordered
series of transactions (augmented with their index numbers from the original
dataset) that contain itemset p. The algorithm below (Algorithm 1) will
calculate the stability value when adding a new item to p. The algorithm
will also calculate the support and the new series of transactions 7¢"¢ that
will be considered in the next step of a frequent pattern mining algorithm:
the ECLAT algorithm is extended to STABLECLAT. The child is the parent
itemset p extended with the new item. Note that Left and Right are sets.
In line (9) we add the index numbers of the transactions. The function
contains(trans, item) checks if the transaction trans contains the item item,
the function has(T?*™ index) verifies that transaction index is in TP¥e™;
Tindes 18 the transaction as retrieved from the original dataset. The mindepth
threshold defines from which depth the stability should be calculated —
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otherwise, for small itemsets with large supports the computation would
become cumbersome. The depth is the recursive depth that is equal to the
size of the child pattern that we are considering.

Algorithm 1 Stability Value
1: support := 0, stable := 0, Left := 0, Right := (), T4 .= empty series,
1:=1
2: while 7 <n do
3 if contains(Tip'mnt, item) then
4 Tehild . — ehild with Tip arent appended, support := support + 1
5 if depth > mindepth then
6: ji=14+2
7
8
9

while j < n do
if contains(]}?are"t’ item) then
middle = (Tip‘mm 4 Tf‘mm) mod 2, index = (Tip“m”t +

jwjparent) / )

10: if middle = 0 and has(TP"*" indez) and
contains(Tindes, item) then

11: stable := stable + 1

12: Left := Left U {Tipamm}, Right := Right U {T]p‘mm}

13: end if

14: end if

15: ji=j+1

16: end while

17: end if

18:  end if

19: 1:=1+1

20: end while
21: stable := stable + |Left| + |Right|

This algorithm will only increase stable if the pattern is ezactly in the
center of two transactions containing the pattern (so w = 0); this can be
easily generalized. It is possible that the pattern does not occur in the center
transaction but in a transaction that is very near. This can be recognized
when w > 0, and should give a better score in that case. One possibility
is to also count patterns almost in the center. For which threshold w can
be specified. Suppose T; is the outer left transaction and 7Tj is the outer
right transaction, then we consider every Ty, where i < (i +j)/2 —w < { <
(14 7)/2 4+ w < j. Now our algorithm needs to check if the pattern occurs
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in one of these transactions.

Example 2 Suppose we have the same 9 transactions as in the previous
example.

If w =1 then the stability value of {A,B} will be 10 4+ 2 = 12: transactions
1 and 7 (and 3 and 9) are now also endpoints of a 2-good triple.

The maximal stability value depends on the size of the database. This
makes setting the minimal stability threshold minstable somewhat difficult.
To make it easier one only needs to give a number dist, where dist > 0. With
dist we calculate the stable value if the distance between all transactions
containing the pattern is precisely dist. In this calculation we disregard the
count of the left and right endpoints. This dist can now be used to propose
a reasonable value for minstable, where D is the original dataset:

minstable = <|D|/2dzst>

Most frequent itemsets or patterns have a high stability value because
it is more likely that a center transaction contains the pattern. However
these patterns will not necessarily make a stable pattern more apparent.
Furthermore it might also be contained in many transactions that do not
form a stable interval. In order to solve this problem we can divide the
stability value by the square of support and let newstable = stable/support?.

However we will loose the anti-monotone property, so this will only be
useful as a post-processing step. We choose to divide by support® because
stable can maximally become

<suppo7“t

5 > + 2 - (support — 2) < support?

In such a way we remove the influence of a high support on stability.

3.5 Results and Performance

The experiments were done for three main reasons. First of all by using the
synthetic dataset we show that patterns with a stable interval will be found.
Secondly with the website dataset we show that the algorithm also finds
good stable patterns for real problems. And finally with a synthetic dataset
and with the website dataset we want to examine the efficiency of the algo-
rithm compared to normal ECLAT. Of course the normal ECLAT algorithm
only finds frequent itemsets and not stable patterns. However the goal is to
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show the influence of the search for stable patterns on speed. Our imple-
mentation of ECLAT that discovers stable patterns is called STABLECLAT.
All experiments were done on a Pentium 4 2.8 GHz with 512MB RAM.

The synthetic datasets can be seen as a supermarket that sells newspa-
pers and credits for cell phones. The combination of the two is sold every day
in the morning at least = times. The first dataset contains 1,000 transactions
and 110 items. Of these 110 items 10 occur every 4 transactions. Also each
item has a support of 200. From here on we call this dataset news&credit
small. The second dataset contains 5,000 transactions and 110 items. Of
these 110 items 10 occur every 10 transactions. Also each item has a sup-
port of 1000. From here on we call this dataset news&credit large. The
STABLECLAT algorithm was also tested on a real dataset. This dataset is
based on an access log of the website of the Computer Science department of
Leiden University, as said before. It contains all 1,991 items of the webpages
that were visited, grouped in one hour blocks, so each of the 744 transac-
tions contains the pages visited during one hour. This dataset will be called
website dataset.
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40000 1

#patterns

30000

20000

Transaction

Figure 3.1: Occurrence graph of news&credit small dataset using tradi-
tional support (minsup = 25)

Figure 3.1 and Figure 3.2 show an occurrence graph. For each transaction
the number of frequent patterns contained by it are counted and plotted.
The use of a minimal stability threshold will give less patterns because it
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Figure 3.2: Occurrence graph of news&credit small dataset using tradi-
tional support and stability (minsup = 25, dist = 20)

filters out non-stable patterns. The items in the news&credit small dataset
all occur 200 times, so their support is 200. Usually transactions are made
up out of 20 randomly selected items. However every 4 transactions we
randomly select 10 items and the remaining 10 items are the items that will
be in the stable pattern. In this way there are several stable patterns, but
also many unstable ones. Figure 3.1 shows that with only support we will
not discover these stable patterns easily. When we use a minimal stability
threshold (with the dist parameter from Section 3.3) we are able to see these
patterns as we show with Figure 3.2. In all experiments we let mindepth = 2.

Figure 3.3 shows the occurrence of one pattern in the first 100 trans-
actions from the website dataset. First we searched the patterns with
minimal stability (743/ 7). Then we selected one pattern where the fraction
stable/support® is maximal. The figure shows a regularity in the occurrence
of the selected pattern.

Table 3.1 gives an indication of the influence of stability calculation on
the speed of the algorithm. The news&credit large dataset shows a large
slowdown because of more frequent patterns. The occurrence of many fre-
quent patterns means that more combinations have to be checked for a
pattern occurring in the center transaction.
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Figure 3.3: The occurrence of one stable pattern for website dataset
(minsup = 100, dist = T)

news&credit small | news&credit large | website
support only 1 36 179
with stability 2 140 251

Table 3.1: Time in seconds needed to mine each of the three datasets
(minsup = 100, dist = 4)

3.6 Conclusions

When we use stability in our search for patterns, we are able find patterns
that occur with some regular interval. The measure we proposed in this
chapter still enables us to prune using anti-monotonicity.

Using the distance between transactions like it is done in this chapter
is an interesting area of research. In the future we want to examine new
measures that would enable us to visualize other types of behavior. Also we
want to see if we can speed up the search for stable patterns, e.g., by using
heuristics or by improving the stability measure. Furthermore, we would like
to compare our approach with post-processing methods.



Mining Balanced Patterns

In many applications it will be useful to know those patterns that occur
with a balanced interval, e.g., a certain combination of phone numbers are
called almost every Friday or a group of products are sold a lot on Tuesday
and Thursday.

4.1 Introduction

In the previous chapter we proposed a new measure of support (the number
of occurrences of a pattern in a dataset), where we count the number of times
a pattern occurs (nearly) in the middle between two other occurrences. If
the number of non-occurrences between two occurrences of a pattern stays
almost the same then we call the pattern stable.

It was noticed that some very frequent patterns obviously also occur
with a stable interval, meaning in every transaction. However more inter-
esting patterns might occur, e.g., every three transactions. Here we discuss
a method for finding such patterns using standard deviation and average.
Furthermore we propose a simpler approach for pruning patterns with a
balanced interval, making estimating the pruning threshold more intuitive.

In this chapter we will further investigate one of the simplest structures:
itemsets. However the principles of balanced patterns are easily extended to
sequential pattern mining, tree and graph mining. In Chapter 3 we proposed
an algorithm that discovers stable patterns that occur at regular moments,
or rather in regular intervals, enabling us to mine for events that occur, e.g.,
every Friday. In this chapter we will introduce a new approach to mining for
patterns with a stable interval. Note that the transactions in this chapter
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have an order. In order to distinguish it from stable patterns we will call
these new patterns balanced patterns. With this new approach we will offer
solutions for problems in our work done in [25]:

e Patterns occurring in every transaction made it hard to discover pat-
terns with a more interesting intermediate interval.

e The threshold for pruning was a certain value that a measure for sta-
bility needed to achieve. Even though a formula was given to estimate
this value, an easily understandable value was lacking.

We will define our approach to mining balanced patterns and show its
usefulness. To this end, this chapter makes the following contributions:
— We will define balanced patterns and show their use. These bal-
anced patterns will enable the user to better filter uninteresting patterns
(Section 4.2).
— Furthermore we will propose an algorithm that will enable us to mine
balanced patterns (Section 4.3).
— Finally we will empirically show that the algorithm can find inter-
esting patterns efficiently (Section 4.4).

Again a typical example is the mining of an access log from the Computer
Science institute of Leiden University. In this chapter website dataset will
have transactions of half-hour blocks as opposed to hour blocks.

4.2 Definition

In this section we will define balanced patterns. We first discuss several
problems and possibilities, and finally give the proper definition. We call the
occurrences balanced if between two successive occurrences there is (almost)
always the same amount of transactions.

The problem with patterns with balanced occurrences is that an itemset
may occur less balanced than a superset of this itemset. Patterns occurring
with a balanced interval do not have the anti-monotone property, where the
subset is either equally good or better than the superset. In the balanced
pattern case: the subset is not always more (or equally) balanced than the
superset.

Example 4.2.1 Say that item A occurs in transactions 1, 4, 7 and 10 and
item B occurs in transaction 4, 7, 10 and 13 then the itemset {A, B} will
occur in transaction 4, 7 and 10. Both A and B have three times two transac-
tions between occurrences (successive and non-successive). However {A, B}
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has only two times two transactions between occurrences because an occur-
rence can only become a non-occurrence and not the other way around.

For our definition of balanced patterns we first notice that all balanced
occurrences (successive and non-successive) should have at least one inter-
mediate distance a minimal number of times. Furthermore if you count the
distances between all occurrences then this count is anti-monotone: a super-
set never has more of one particular distance. This is obvious because the
number of occurrences will never increase for a superset and as a consequence
the count of one particular distance will never increase. This property is also
anti-monotone if we limit the distances we count, e.g., we count a distance
only if it is smaller than 10 in-between transactions.

Example 4.2.2 The following table, where we only count upto 4 in-between
transactions, is an example of counting the distances:

In-between Transactions | Count
(Distance)
0 0
1 5
2 200
3 30
4 199

The balanced value for the pattern with these counts will be 200, the highest
count in the table.

Still if we only look at the distance count we will not find the balanced
patterns we want, since patterns that occur with very unbalanced intervals
might still have a minimum amount of one particular distance. We filter
those patterns by keeping the distance between occurrences that immedi-
ately succeed each other (instead of taking all distances). If a pattern is
balanced then these distances should approach the average of all these dis-
tances. Their standard deviation will be near 0, since one distance should
occur the most. Note that in calculating the standard deviation we do not
limit the distances we consider. This can be done because the number of
possible distances is far less for successive occurrences.

Now we can find all balanced patterns, however we will still find many
patterns that are occurring every transaction. Their distance is almost al-
ways 0 and although they are well balanced they are often not interesting.
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These patterns can be filtered if we demand a certain average distance, e.g.,
if the user-defined threshold minavg is set to 1 then all these patterns will
be filtered out, since their average distance approaches 0.

The definition of balanced patterns should be the following: A pattern is
called a balanced pattern if among all occurrence pairs there is a distance
that occurs at least a user-defined number of times (minnumber) and the
distance between successive occurrences have maximally a user-defined stan-
dard deviation (mazstdev) and minimally a user-defined average (minavg).

4.3 Algorithm

We now consider algorithms that find all frequent itemsets, given a database.
A frequent itemset is an itemset with support at least equal to some pre-
given threshold, the so-called minsup. Thanks to the APRIORI property many
efficient algorithms exist. However, the really fast ones rely upon the concept
of FP-TREE or something similar, which does not keep track of in-between
distances. This makes these algorithms hard to adapt for use in balanced
patterns.

One fast algorithm that does not make use of FP-TREEs is called ECLAT
[77]. ECLAT grows patterns recursively while remembering which transac-
tions contained the pattern, making it very suitable for balanced patterns.
In the next recursive step only these transactions are considered when count-
ing the occurrence of a pattern. All counting is done by using a matrix and
patterns are extended with new items using the order in the matrix. This
can easily be adapted to incorporate balance counting.

Our algorithm BALANCECLAT will use the ECLAT algorithm. However
instead of counting support we count the different distances between all oc-
currences, e.g., pattern A has 10 times 3 transactions, without the pattern A,
between occurrences. We will prune on this value instead of pruning on the
minimal support threshold. In this case the user-defined threshold will be
the minimal number of times at least one of £+ 1 distances {0,1,2,...,¢} is
seen. For balanced patterns we consider this threshold to be the minnumber
threshold. As said before, we can only find balanced patterns if we also
demand a maximal standard deviation for distances between occurrences.
This will be done by introducing the mazstdev threshold. Finally we are not
interested in patterns occurring in every transaction. We introduce a third
user-defined threshold that demands a minimal average distance: minavg.
For mazstdev and minavg we only use distances between successive occur-
rences and for minnumber all distances < /.
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We now propose a more general definition. Suppose we have an itemset [
and let O; € {0,1} (j = 1,2, ...,7) denote whether or not the j*® transaction
in some subset S of the database D contains I (O; is 1 if it does contain
I, and 0 otherwise; the O’s are referred to as the O-series), r = |S|. The
function ¢ : N — N is a translation from the index j for the j-th transaction
in § to the index k giving the position of the same transaction in D.

The main adaptation to ECLAT is replacing support with a balance value
denoted with ¢. Also it calculates the standard deviation (stdev) and average
distance (awvgdist) for the successive occurrences:

7 =2, h:=-1
succdists := sequence of distance counts between successive
occurrences

alldists := sequence of distance (< £) counts between all occurrences
while ( j <r ) do
if (O; =1) then
1:=1
while (i < j ) do
if (O;=1and ¢(j) —¢(i) —1<¢) then
alldists p(jy—p(i)—1 = alldists ,(j)— -1 + 1
fi
ti=14+1
od
if (h+#—1) then
SUCCdists y(jy—p(n)—1 = Succdists () —p(n)—1 + 1

fi
h:=j
fi
Ji=7+1
od
t := max(alldists), the largest count in the sequence
stdev := standard deviation for succdists
avgdist := average for succdists, also denoted with avg(succdists)

The standard deviation for succdists can simply be calculated in the follow-
ing way:

\/Zi(avg(succdists) — )% sucedists; | Y, succdists; (4.1)

ECLAT can now prune using the balance value ¢ (if t < minnumber) and
patterns are only displayed if their standard deviation and average distance
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are sufficient. These are straightforward adaptations that will not be given
in detail.

Standard deviation changes if patterns occur less balanced in a certain
small number of successive transactions, small periods. In some cases it
might be preferable to remove the influence of these periods. One possible
approach is to calculate average distance and the standard deviation for fre-
quent distances (for successive occurrence) only. The value for filtering with
standard deviation for the sequence Q = (y|y = succdist;,y > mindistfreq)
will be:

stdew — { Vo oi(avg(Q) —4)2-Q; / >, Q;  if Qis not empty (4.2)

maxstdev + 1 otherwise

Note that via the threshold mindistfreq the user decides when a distance is
considered frequent.

4.4 Results and Performance

The experiments were done for three main reasons. First of all we want
to show known balanced patterns will be found also in the case of noise.
Secondly we want to show that interesting balanced patterns can be found
in real datasets. Finally we want to show runtime for real data and how the
minnumber threshold influences runtime.

Our implementation of the balanced pattern mining algorithm is called
BALANCECLAT. All experiments were performed on an Intel Pentium 4 64-
bits 3.2 GHz machine with 3 GB memory. As operating system Debian Linux
64-bits was used with kernel 2.6.8-12-em64t-p4.

The synthetic datasets used in our first experiment below are called
find-noise-x% where x is a noise value ranging from 0 to 30. E.g., if the
noise is 10%, this means there is a 10% chance for each item of the balanced
pattern to not occur when it should and a 50% probability to still occur
because of random chance (like the other items that are not part of the
balanced pattern).

In each of these find-noise-x% datasets one pattern of 5 of the 200
items occur every 4 transactions (so distance = 3) and each dataset has
2,000 transactions. Furthermore the remaining items have a probability
50% to occur. If 5 items always occur balanced like this, we expect to find
22:1 5!/(5 — k)!k! = 31 patterns.

The first real dataset we test our algorithm on is called the website
dataset. This dataset is based on an access log of the website of the Computer
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Science department of Leiden University, as said before. It contains all 1,991
items of the web-pages that were visited, grouped in half-hour blocks, so each
of the 1,488 transactions contains the pages visited during one half-hour.

The second real dataset we call the one-user dataset and it stores the
webpages accessed by one heavy user of the portalexecutivo.com website.
Each day is one transaction of pages accessed. Some days there is no access
and some of the 1,603 transactions are empty. Webpages are categorised
resulting in a total of 185 possible items for every transaction.

First the BALANCECLAT algorithm is executed with mazstdev = 2.5,
minavg = 2.0 and minnumber = 150. Figure 4.1 displays the number of
expected patterns that were found by the algorithm. We see that the algo-
rithm detects most patterns up to a noise level of 15%. Due to the way we
generate noise, long patterns become less likely as the noise level increases.
With a high noise level we only find the patterns of 1 item in length. This
can be improved if we change our settings for mazstdev and minavg, but we
kept them fixed for comparison reasons.
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Figure 4.1: The effect of noise on the algorithm using the find-noise-x%
datasets.

We can use the mindistfreq threshold to decrease the influence of small
noisy periods on the balanced occurrences. Figure 8.3 shows how the effect
of noise becomes less if we set a mindistfreq of 50. Now one also finds more
of the other patterns that happen to occur reasonably balanced, however we
can filter them by lowering maxstdev.

With our next experiment we want to show the effect of dataset size
on the algorithm, scalability. To this end we measured runtime for different
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Figure 4.2: The effect of noise on the algorithm using the find-noise-x

datasets with mindistfreq = 50.

size of a dataset where each transaction can contain up to 200 items where 5
items occur every 4 transactions and the remaining items have a probability
50% to occur. In Figure 4.3 first the runtime drops; this is because many
patterns have distances occurring only a few times. E.g., when the dataset
size is 100 then minnumber = 0.1 - 100 = 10. Many patterns have distances
that occur at least 10 times. As this effect becomes less, runtime increases
and eventually it becomes nearly linear.

Figure 4.4 shows how the runtime for the website dataset drops fast
as minnumber increases. Figure 4.5 also shows a drop of runtime for the
one-user dataset.

Many patterns in the one-user dataset occur mostly unstable and only
some occur stable in such a way that the standard deviation of the interval
does not suffer too much (becomes more than minavg). One pattern that
was found was the access of research and training part of the website on the
same day every seven days, see Figure 4.6. Also this pattern lasted for more
than one month.

Table 4.1 shows the count for distances between successive occurrences.
It shows that this particular pattern, consisting of the websites of two pro-
fessors of the same group and the main page, occurs often with a successive
distance of 0, 1 or 2. This pattern probably is caused by students having
courses from both professors and some of these students access both pages
nearly every half an hour.

Finally we also applied the BALANCECLAT algorithm to the Nakao dataset
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Figure 4.3: Runtime in ms for different dataset sizes; minnumber is 10% of
the dataset size (mazstdev = 1.0, minavg = 2.0, ¢ = 10).
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Figure 4.4: Runtime in ms for different values of minnumber for the website
dataset (mazstdev = 1.0, minavg = 2.0, ¢ = 10).

used in [29]. In this dataset each of the 2,124 transactions is a clone located
on the human chromosomes. The items are the numbers of patients with
a higher than normal value for this clone (> 0.225). The specifics of the
dataset can be found in [53]. The parameter minavg was set 0.0, because
the interesting patterns are expected to occur very close to each other. Also
mindistfreq = 10 because patterns where expected to have small periods of



56 Results and Performance

500

450 | —

300 —

250 - 1

Avg. Runtime (ms)

200 —

150 B

100 —

50 1 1 1
0 5 10 15 20 25 30
The mintimes threshold

Figure 4.5: Runtime in ms for different values of minnumber for the
one-user dataset (mazstdev = 5.0, minavg = 2.0, £ = 10).

otherwise
-
»
T
|

transaction contains pattern, 0

05 —

1=

0 I I I I I
600 605 610 615 620 625 630
Transactions

Figure 4.6: The occurrence of one pattern discovered with BALANCECLAT

in the one-user dataset (minnumber = 20, maxstdev = 3.0, minavg = 1.5,
=7).

transactions where they occurred unbalanced. Furthermore maxstdev = 0.2,
£ = 10 and minnumber = 100. Results where similar to results found with
consecutive support as presented in [29] where most consecutive patterns
occurred close together in chromosome 9, see Figure 4.7. However consecu-
tive support is different in that it looks at all gap sizes between occurrences



Chapter 4 57

In-between Transactions | Count
(Distance)
0 385
1 171
2 78
3 25
4 23

Table 4.1: The distances (with count > 20) between successive occurrences
and their counts for one pattern (two professors & the main page) in the
website dataset (mazstdev = 2.0, minavg = 1.0, ¢ = 10).

and it does not have to keep a count for all possible distances.
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Figure 4.7: The occurrence of one pattern discovered with BALANCECLAT
in the Nakao dataset (minnumber = 20, mazstdev = 0.2, minavg = 0.0,
mindistfreq = 10, £ = 10).

4.5 Conclusions

We have presented a new way of mining for patterns occurring with a regular
interval. In comparison with stable patterns we now use a pruning threshold
minnumber that is more intuitive to users. With it the user only indicates
the number of times at least one intermediate distance should occur. Such



58 Conclusions

a distance is the number of transactions between two occurrences of the
pattern (we consider only distances below a maximal distance). This has
advantages for the intuitiveness of the pruning method. However the dis-
advantage compared to the stability measure is that we have to limit the
different intermediate distances we count.

We called patterns with a regular interval balanced and we discussed an
algorithm to find them efficiently. Its runtime performance and scalability
has been evaluated through experimentation.

Finally in the future we plan to use balanced patterns in combination
with new ways of filtering to facilitate the discovery of new patterns further.
Also research will be done on effectively visualizing balanced patterns.



The Most Discriminating Pat-

terns and Domain Knowledge

We investigate the discovery of sequential patterns for use in classification.
We will define variations of a fitness function that enables us to tell if one
pattern is “better” than another. Furthermore we will show how domain
knowledge can be used for faster discovery of better sequential patterns in
specific types of databases, in our case a receptor database.

5.1 Introduction

Sequence analysis has many application areas, such as the analysis of pro-
tein sequence and customer behavior. We investigate extraction of features
for protein sequence classification where features are sequential patterns:
ordered lists of items (for proteins the items are amino acids). As a mo-
tivating example, we would like to know if a protein sequence, an ordered
list of amino acids, belongs to the Olfactory family or not, where the Ol-
factory family is a group of proteins than deals with smell. We focus on a
special group of proteins called GPCRS. These G-protein-coupled receptors
(GPCRs) play fundamental roles in regulating the activity of virtually every
body cell [70]. Usually classification is done unsupervised using alignment,
however in the case of GPCRs this turned out to be difficult. Fortunately, we
know for some protein sequences whether they are of the Olfactory family
or not. These sequences can thus be divided into two disjoint classes: Ol-
factory and Non-olfactory, and from these classes we can extract sequential
patterns to be used as attributes in a classification algorithm (as is being
proposed in [45]). Then question we try to answer in this chapter is which

59
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sequential patterns are best used as features/patterns? And how can domain
knowledge be used to improve the search for such patterns?

Classification based on sequential patterns is also applicable in many
other areas. For example, in the case of customer behavior analysis, we
might want to characterize groups of clients based on sequential patterns in
their behavior.

Our algorithms will be based on the pattern growth approach called PRE-
FIXSPAN proposed in [57]. Classification by means of patterns has been done
before but not so much in the sequence domain. We first mention related
work in the non-sequence domain. APRIORI-C [36] constructs classification
rules by extending the APRIORI algorithm [3, 4]. APRIORI-C discovers a
large number of rules from which a fixed number of rules with the high-
est support are selected. APRIORI-SD [37] solves the problem of selecting
the right rules with subgroup discovery. This algorithm selects a subgroup
of rules by calculating their weighted relative accuracy. This means that the
probability of a pattern occurring in a class is compared with the probability
of its occurrence outside the class. This is weighted with the probability of
a class. Most class association rule mining algorithms work with unordered
sets of items frequently occurring together in item sets. Classification with
association rules is presented in [48] and [49]. Furthermore CORCLASS [78§]
describes an algorithm that also works with item sets. It introduces a new
method of pruning. Specialized rules are only added if the upper bound
of its correlation is higher than the minimal correlation of k£ rules. In our
work we use a similar method of pruning. Much work has been done in the
field of molecular feature mining, e.g., the MOLFEA algorithm described in
[40]. MOLFEA employs a level-wise version space algorithm to discover those
molecule fragments often occurring in one dataset and less often in another.
Finally some other researchers try to use domain knowledge to speed up the
search for frequent patterns, e.g., the CARPENTER algorithm presented in
[12]. In this work the authors perform row enumeration instead of the stan-
dard column enumeration done in APRIORI-like algorithms. This is done
because biological datasets often have many columns/items and only a few
TOWS.

The “best” sequential patterns are discovered through a function that
judges patterns. In Section 2 we will discuss different instances of this func-
tion and select one for our purposes. Section 3 adapts the PREFIXSPAN
algorithm of [57] to deal with this function. In addition, a pruning strategy
is introduced in Section 4, increasing efficiency by first searching in a certain
area of the sequence, the probable time window. Section 4 also describes how
preferring small patterns can further increase classification performance. The
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effectiveness of these improvements will be shown in Section 5.

5.2 The Maximal Discriminating Patterns

One would like to select the best patterns for use as attributes in a clas-
sification algorithm. But how can we tell if one pattern is better than the
other? In this section we will first explain the notion of support and why
it is less useful for selecting the best pattern. Next we introduce the notion
of confidence which will give more useful patterns, but it also has disadvan-
tages. Finally we will discuss and motivate so-called maximal discriminating
patterns, enabling us to have patterns specific to one class, but without the
disadvantages of confidence.

Assume given a database D with D = Dy UDsU...UD,, with ¢ classes.
The D;’s (1 <i < ¢) are mutually disjoint and non empty.

Each record in the database is a non-empty finite sequence (i.e., an or-
dered list) of items from the set ¥ = {AB,C,... }, e.g., (C,B,G,A,A,A,C,B). Now
fity is defined as support (as used in association rule mining algorithms like
APRIORI [4]), because support can be seen as a measure of how well a pat-
tern fits the data. Commonly a sequence d is said to support a pattern s if
the pattern is contained (in the “subset” sense) in the sequence:

1iffor all i (1 <i < k) thereis j (1 <j <¥) with s; = dj;

suppo (s, d) = { 0 otherwise,

for s = (s1,s9,...,s;) and d = (dy,da, . ..,dy). This means that s is a subset
of d. We then can define fit,:

1
57 D suppo(s,d)

| Z’deDi

ﬁtO(sv DZ) -

For (1 <i < ¢), where s is a pattern.

We now specialize support to sequences. A sequence d = (di,da,...,dn,)
is called a super-sequence of a sequence s = (s1,82,...,8;) if & < m and
for each s; (1 < i < k) there is a dj; (1 < j; < m) with s; = dj; and
Ji—1 < Jji (i > 1). We denote this with s < d. The sequence s is called a
sub-sequence of d. This defines sequential patterns on sequences of items.
(Another definition of sequential patterns was given by Agrawal et al. in [4],
in which they define sequential patterns on sequences of item sets). We now

let
1 ifs=<d;
suppl(Sad) - { 0 otherwise,
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and define fit; in the same way as fit, was defined using supp,.

Now fit; or fit, by itself is not useful for selection of features for clas-
sification. One of the patterns of size one will always have the highest fit
and these small patterns are probably often present in more than one D;.
Thus the presence of such a pattern will not give a good distinction between
classes.

The next most logical step is to use confidence to select the best patterns.
The patterns z, (1 < r < ¢), one for each class, are then chosen to maximize
confidence:

fity(z, Dy )| Dy |
fit,(x,, D)|D|

The class t of sequence s is the t (1 <t < ¢) where z; < s. If more than
one t is possible we select based on the highest confidence. One is selected at
random if more than one class ¢ has a pattern with the highest confidence. If
there is no t where x; < s then the sequence could be said to be “undecided”.

A problem is that we only pick one pattern per class. This is plausible if
a class of a sequence is only decided by one sequence of features. However,
it is often the case that the class of a sequence is determined by multiple
patterns. Moreover there can be constraints on the pattern. This means that
the “class deciding” pattern x; with the constraint is not necessarily equal to
the x; without the constraint. As a consequence it is usually possible to find
a combination of patterns with a better classification performance. Finally
it is possible that a single sequential pattern x; is equal for two or more
classes, and as a consequence a choice between the classes will be done at
random. This problem will occur with a lower probability if we use multiple
patterns for each class.

(5.1)

confidence =

Another major drawback of the confidence method is that the size of the
D;’s seriously influences the classification. E.g., assume we have databases
Dy and Ds. Furthermore assume D; contains 500 sequences and Dy only
100. The pattern p; occurs 100 times in Do and 60 times in D;, thus a
confidence with respect to Dy of 0.625. Another pattern po occurs 70 times
in Dy and 10 times in Dy, giving a confidence of 0.875. The pattern py will be
used for classification if no other pattern has a higher confidence. However
p1 occurs in every sequence of Do and only in a small percentage of the
sequences in Dq. However, one could argue that p; should be preferred over

p2.

Therefore we define fit,, which we use in the sequel. For a pattern s
and 1 < ¢,r < ¢ we define 6(s, Dy, D,) = fit{(s, Dy) — fit,(s, D,), and we
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let fita(s, D) = min{d(s,D,,Dq) | 1 < ¢ < ¢ N q # r}. We then choose
patterns z, (1 <r < ¢) with maximal fits (2, D,). We can then use them to
classify sequences as before, without the drawbacks mentioned above. We
will usually find those patterns that are characteristic for one class. With
characteristic we mean that fit; will have a high value in D; and a lower
value in the other D;’s, i # t.

In [44] other measures for difference, correlation measures, where dis-
cussed. Nijssen et al. discuss the use of the X? measure and it is proven
how pruning is also possible with this measure with two or more classes
(the databases D,). Furthermore it is shown how pruning is not possible
when we use information gain as a correlation measure. We make use of the
d(s, Dq, Dy, as defined earlier. The simplicity of d(s, Dy, D,) makes expla-
nation of the use of domain knowledge to speed up the search for the most
discriminating patterns (correlated patterns) easier.

Our new fit has some similarities with the concept of emerging patterns
presented in [6] and [14]. In order to discover emerging patterns patterns are
preferred where the ratio fit;(s, D1)/fit,(s, D2) is the highest, where D; and
D5 are two databases each containing one class of sequences. Bailey et al. [6]
further investigate jumping emerging patterns. These are patterns that have
a support of zero in Dy and a non-zero support in D;. Emerging patterns can
also be defined in a way similar to fit,, but now using fit; (s, Dy)/fit1 (s, Dy)
instead of d(s, Dy, D). Dong et al. [14] point out that the growth rate mea-
sure used by emerging patterns does not take into account the coverage, a
problem they solve with a score function. However in the case of fity cover-
age is less of a problem, a pattern with a low fit;(s, D7) is less likely to have
a high fity value. Also the fit, measure allows us to more easily explain and
implement the pruning rules that will be discussed in the remainder of this
paper.

In general terms, most of the classification algorithms perform better
when dealing with small to moderate size attribute sets. In order to classify
a sequence s we use a finite number of n sequential patterns p, pb, ..., pl, per
class t, where fito(pt, D) > fito(ph, Di) > ... > fity(pl, Dy) and p!, has the n-
th highest fit, for all possible patterns. These patterns, the so-called maximal
discriminating patterns, could be used by any classification algorithm when
we first convert each sequence to a vector indicating for each pattern if it
is contained in the sequence, see [45]. However it is possible that, e.g., p}
is supported by all or most of the sequences supporting pl. Thus pl, might
not improve classification. This problem could be solved by removing all
sequences containing p! from D;. The algorithm for searching the sequence
with maximal fit is then again applied to this subset of D; in order to
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find pb. In this paper we do not further focus on the precise classification
performance, but rather on the discovery of the discriminating patterns.
Our algorithm aims at finding the set P = P! of maximal discriminating
patterns.

5.3 Algorithm without Domain Knowledge

Our pattern search algorithm, coined PREFIXTWEAC (Time Window Ex-
ploration And Cutting), is based on PREFIXSPAN. The algorithm does not
generate candidates, but it grows patterns from smaller patterns. This prin-
ciple makes it faster than most APRIORI like algorithms [57]. PREFIXSPAN
is a depth first algorithm, which will be explained in more detail in Sec-
tion 5.4 when we adapt this algorithm to our current needs (see Table 5.1
and Table 5.2). PREFIXSPAN as described in [57] searches for those patterns
with support larger than or equal to a given support threshold minsupp,
where support is defined as fit;. The algorithm starts with all frequent sub-
sequences of size one. For each sub-sequence a projected database is created.
These frequent sub-sequences are extended to all frequent sub-sequences of
size two by only looking in the projected database. This projected database
is a database of pointers to the first item occurring after the current pat-
tern, also called the prefix. A sequence is only in the projected database if it
contains the prefix. Again for each frequent sub-sequence of size two a cor-
responding projected database is created. This process continues recursively
until no extension is frequent anymore.

PREFIXTWEAC (Table 5.1) is different from PREFIXSPAN in that it
searches for the maximal fits instead of the maximal support fit;. The func-
tion fity is by definition not anti-monotone (so fity(s1, D) > fity(s2, Dy)
might happen, where s; is a super-sequence of s3). However the anti-monotone
property for fit; can still be used in two ways, when looking for the one pat-
tern with maximal fity. First of all in PREFIXTWEAC we only examine an
extended pattern p if fit;(p, D) > minsupp where minsupp is the support
threshold. Secondly p is not further examined if fit,(p, Dy) < current n-th
mazximal fit, where current n-th maximal fit is the current n-th best fit of all
patterns found while searching. The value of fity(p, D¢) will never become
larger than the current n-th maximal fit, because it can at most become
fit;(p, D). Note that CORCLASS uses similar methods to prune [78].
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PrefixTWEACCore(prefix, projected_database)

1. For all items i that can extend the prefix

2.  mnew_prefix = prefix extended with item ¢

3. Count w; = fit; in the projected_database; for new_prefix

4. Calculate fa = fity for new_prefix

5. Create a projected database new_projected_database with new_prefix
6. Get dpin, the lowest fit, in P

7. Get Spin, fit; corresponding with the lowest fity in P

8. if w; > minsupp and |P| < n then

9. Add new _prefix to P

10. Call PrefixTWEACCore(new _prefix, new_projected_database)
11. else if w1 > minsupp and wy > §,,, then

12. if fo > 0, O

13. (f2 = Omin and w1 > Spp) O
14. (f2 = Omin and w1 = Sy, and new_prefix < p,) then
15. Remove p, from P and add new_prefix to P

16. Call PrefixTWEACCore(new_prefix, new_projected_database)

Table 5.1: The PREFIXTWEAC algorithm

5.4 Domain Specific Improvements

In the previous section we stated that fity can be used to “prune”: certain
pattern extensions are not further examined because they can never lead to
the maximal fit,. The faster we get to a large fit, for the n-th pattern in
P = P! the better, because all extensions with a lower fit,(p, D;) can be
pruned. The improved version of PREFIXTWEAC will be explained in the
sequel.

If we consider protein sequences then pattern discovery might be done
faster and/or classification might improve when using certain knowledge
about the sequences:

e Protein sequences are sequences of amino acids. Certain parts of such
a sequence are shaped like a helix in 3D space. These helices will
probably contain most of the maximal fitting sequences since parts
outside the helix have more variation in size and content. Patterns
(partially) outside the helix are less likely to occur in most members
of the protein family.
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e Small patterns are preferred. Smaller patterns are less specific and
biologists prefer smaller patterns in their analysis.

PrefixTWEACExt(prefix, proj_db)

1. For all items ¢ that can extend the prefix

2.  new_prefix = prefix extended with item i

3. Count fit; for new_prefix:

4 wy = fit; in the proj_db; without the inclusion vector, using supp,
5 wy = fity in the proj_db; with the inclusion vector, using suppllD ™
6. Calculate fo = fity for new_prefix (without the inclusion vector)

7. Create new_projected_database (without using the inclusion vector)
8. Get dpin, the lowest fity in P

9.  Get Smin, fit; of the lowest fit, in P

10. if wy > minsupp and |P| < n then

11. Add new_prefix to P

12. Call Prefix TWEACExt(new_prefix, new_projected_database)

13. else if (w1 > minsupp and we < minsupp) or

14. (wg > minsupp and w1 > dpip and wy < i) then

15. storeState(S,new_prefix, new_projected_database)

16. else if wy > minsupp and ws > d,,;, then

17. if f2 > Omin OF

18. (f2 = dmin and wy > Spin) O
19. (f2 = dmin and w1 = Sy and new _prefix < p,) then
20. Replace p,, with new_prefix

21. Call Prefix TWEACExt(new _prefix, new_projected_database)

Table 5.2: PREFIXTWEAC Extended: extension using the probable time
window

For certain problems we know the approximate area of important fea-
tures, e.g., protein sequences should have most of the discriminating patterns
in the helix. Also in other problems this might be the case, for example — in
the case of customer relations — customers tend to behave differently during
the night. These probable time windows can easily be defined with an inclu-
sion vector. An inclusion vector is a vector v = (vy,ve,...,v,), v; € {0,1}
(1 < i < n). This vector will indicate where to search in the first phase of
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the algorithm, see Table 5.2. We then let

PTW 1 if s < d/v;
suppy " (s, d) = { 0 otherwiée,

where (d/v); = d; if v; = 1 and $ otherwise ($ ¢ X), so only positions with
nonzero v; are considered.

First PREFIXTWEACEXT (Table 5.2) is applied to the databases Dy,
one at a time, each time starting with an empty P = P!. After using
PREFIXTWEACEXT with the inclusion vector we apply PREFIXTWEAC
(Table 5.1) without the vector to the remaining states stored in the state
database S.

LIRS
-
-

>
-
)

Figure 5.1: Extending the single item sequence A

Figure 5.1 shows an example of the extensions made to a sequence A.
The dotted lines are extensions that do not have a high enough fit; and
fits inside and outside the probable time window. These extensions and
their extensions are pruned. The dashed lines indicate extensions that are
currently good enough with regards to the entire sequence only. Finally the
solid lines are already good enough when we only count patterns inside the
probable time window.

If we prefer small patterns, then we can add a new rules, using so-called
smallest mazximal discriminating patterns to improve classification:

o fiti(s,D;) =0 forall r (1 <r <mn,r #t). Then fit, of the extended

patterns will never increase.
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e fit,(s,D;) < fity(p, D;) where both p and s are sequences and s is
created by extending p. Then fit, of the extended patterns will never
be better than the fit, of p.

These rules sacrifice some completeness for classification performance; if
extensions do not improve a smaller pattern then they are not always ex-
plored further. These pruning rules will not lower classification performance
because they leave out only non-improving extensions. Rather the classifi-
cation is expected to improve because the set of patterns will contain less
small variations of the same pattern. We will from now on abbreviate the
use of these rules with SP or “small patterns”.

Protein sequences usually are very long, about 300 amino acids. However
these sequences are constructed out of only 20 types of amino acids. We
need to use constraints to make the problem tractable. It was chosen to
use the time window constraint, because the discovered patterns will be
concentrated in one area. One could also mine closed patterns: mine for only
those frequent sub-sequences for which there is no super-sequence with an
equal support. With CLOSPAN proposed in [76] it is shown that it is possible
to reduce runtime with this principle. This is interesting and it can most
likely be used in combination with the time window constraint. However in
any case the time window constraint is still needed since patterns spread all
over the original sequence (the record or protein sequence) are biologically
less interesting.

The time window constraint means that the distance between the first
and last item of the pattern in the sequence is bounded by some constant.
This is easily implemented in the algorithm used. We also considered to
use the gap constraint [5], that allows some gaps in the matches. However
this constraint would have required more memory, e.g., if we count fit; of
(A,C,G) and we want to know whether the sequence (A,C,C,C,G) contains it.
Furthermore assume the maximal gap is 1, thus in the sequence one letter
is allowed between two letters of the pattern. If the algorithm only looks at
the first C then the gap constraint will be broken because the gap between
the C and the G is 2. An algorithm has to check two C’s to match (A,C,G).
PREFIXSPAN will have to add both projections to the projected database
for at least two C’s. Another reason for not using the gap constraint is that
it would allow patterns to be spread all over the sequence as long as it does
not break the gap constraint.
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5.5 Experimental Results

The experiments are aimed at showing the effectiveness of the pruning rules
we described. The protein sequences used during our experiments where ex-
tracted from the GPCRDB website [22]. The effectiveness was also tested on
a synthetic dataset: the two classes consist of 1000 sequences of length 130,
having 20 item types. First each item is chosen with a uniform probability
and then we insert one of ten patterns at each starting position within the
time window (position 20 to 60) of class one with 80% probability.

The results are shown in Figure 5.2 and Figure 5.3. All experiments were
done on a Pentium 4 2.8 GHz with 512MB RAM. On the horizontal axis in
the graphs we have the number of used sequences in the dataset. As both
synthetic and protein dataset have two classes, we take one half of these
sequences from the first class and the rest from the second class. In the case
of the GPCRDB
Olfactory dataset the first class contain the Olfactory sequences and the
second class the Non-olfactory sequences. Furthermore the GPCRDB Amine
dataset contains Amine and Peptide sequences. With this data we want to
show that some groups of sequences are harder to distinguish. On all the
vertical axis we have the pruning effectiveness indicated by a real number
between 0 and 1. This effectiveness is calculated by dividing the search time
by the worst search time in the experimental results. During the experiments
we searched for the 100 maximal discriminating patterns in the GPCRDB
and 10 in the synthetic dataset, each with a time window of eight and a
minsupp of zero. Note that time window and probable time window are dif-
ferent concepts. The experiments on the synthetic data are done to indicate
that the probable time window can improve pruning efficiency. Other exper-
iments will show the effectiveness of the method in the case of GPCRDB
data.

Figure 5.2 shows the effectiveness of using probable time windows (PTW)
of Table 5.2 and pruning when using “small patterns” (SP) on the GPCRDB
Olfactory data. The algorithm not using PTW or SP is shown in Table 5.1.
Note that SP lowers pruning effectiveness with regards to the GPCRDB
Olfactory data, because less variations of the same pattern fill up the set of
patterns. Some of the patterns discovered with this dataset were used for
classification: these two protein families (Olfactory and Non-olfactory) could
be correctly distinguished in more than 90% of the cases, depending on the
chosen time window size and the classification algorithm at hand.

In the synthetic dataset we have most of the best patterns in the prob-
able time window. The n-th pattern p will get a large fit, earlier in the
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Figure 5.3: Effectiveness on the synthetic dataset

search, thus more extensions can be ignored. Figure 5.3 shows the effective-
ness as the number of sequences in the synthetic dataset increases when
searching for the 10 maximal discriminating patterns. The “small pattern”
rules (SP) increase the effectiveness even further, because in the synthetic
dataset many patterns are quickly non-improving.

The confusion matrices of Table 5.3 and Table 5.4 were generated us-
ing the C4.5 implementation by Weka [69] with the 10 (Olfactory) and 20
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classified as | classified as
non-olfactory | olfactory
non-olfactory 2015 22
olfactory 16 1909

classified as | classified as
non-olfactory | olfactory
non-olfactory 2024 13
olfactory 22 1903

Table 5.3: Confusion matrices of Olfactory (GPCRDB) patterns without
(upper) and with (lower) “small patterns” (SP)

classified as | classified as
amine peptide
amine 489 16
peptide 3 1091

Table 5.4: Confusion matrices of Amine/Peptide (GPCRDB) patterns

(Amine) best patterns discovered in the GPCRDB data. In Table 5.3 we
get a slightly better classification in 10-fold cross-validation when using SP:
99.12% instead of 99.04%. This is as expected because the set of 10 patterns
used in Table 5.3 will contain less small variations of the same pattern. The
results of Table 5.4 required 20 patterns instead of 10. The Amine/Peptide
problem is more difficult than the Olfactory/Non-olfactory problem and it
requires more patterns. The effect of SP on classification is small, however
to show that the difference in classification performance is significant a two-
tailed unpaired t-test was performed. Ten-fold crossover with 1999 sequences
was done 100 times with two groups of 50 Amine/Peptide patterns, with and
without SP, and a time window of 4. The t-value of 6.420 with a probability
of less than 0.001 of happening by chance shows that the patterns found
with SP classify significantly better when using the C4.5 algorithm with
these patterns as attributes.

Figure 5.4 shows less improvement of the pruning effectiveness. This is
because the patterns in the probable time window of the Amine sequences
are less discriminating compared to the patterns in the probable time win-
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Figure 5.4: Effectiveness on the GPCRDB Amine/Peptide data using the
Amine dataset

dow of the Olfactory sequences. We still need to evaluate many patterns if
the §min stays low, even though we might find the maximal discriminating
patterns quickly.

5.6 Conclusions

In this chapter we introduced and compared two sequential pattern mining
algorithms. We used knowledge from the application area of protein se-
quence analysis. Given domain knowledge, we could improve mining for the
maximal discriminating patterns. The effectiveness depends on the quality
of the assumptions, e.g., how probable a discriminating pattern is within a
certain time window. Our method also depends on the discriminative power
of the patterns. Pruning will be less effective if this is low, even though we
might find the maximal discriminating patterns quickly. It is shown that
using probable time windows in protein sequences can speed up the search.
Protein sequences are long but contain only a few types of items; constraints
are required to make the discovery of patterns in these sequences tractable.
In future research we will further investigate methods for automatically
discovering the probable time window. Furthermore we plan to use maximal
discriminating patterns in other application areas like workflow analysis.



Visualization of Graph Patterns

Mining subgraphs is an area of data mining research where, a given set of
graphs, one searches for (connected) subgraphs contained in these graphs
satisfying a number of constraints. In this chapter we focus on the analysis
of molecules. In the analysis of fragments one is interested in the molecules
in which the patterns occur and for this reason we introduce a visualization
technique. The user does not have to browse through all patterns; instead
the user can directly see which subgraphs are of interest.

6.1 Introduction

Mining frequent patterns is an important area of data mining where one
discovers substructures that occur often in (semi-)structured data. In this
chapter we look at the area of frequent subgraph mining. The subgraphs are
connected vertex- and edge-labeled graphs contained in another graph, the
records or molecules. A subgraph is considered to be frequent if it occurs
in at least minsupp transactions, where minsupp is a user-defined threshold
above which patterns are considered to be frequent. A frequent subgraph
mining algorithm will discover all these frequent subgraphs.

Figure 6.1 shows a “molecule” graph and two of its subgraphs. Our work
is motivated by bio-chemists wishing to view co-occurrences of subgraphs in
a dataset of molecules (graphs):

e For a bio-chemist it is interesting to know which fragments occur of-
ten together, for example in so-called active molecules. This is because
frequent co-occurrence might imply that the fragments are needed si-
multaneously for biological activity.
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e Pharmaceutical companies provide libraries of molecules. A visualiza-
tion of co-occurrences in molecule libraries gives a bio-chemist insight
how the libraries are constructed.

c-2-cLlc 0 c2-c-Llc
Vv N T1 2 2 1
C C N O O C
Q y
Figure 6.1: An example of a graph (the amino acid Phenylalanine) in the

molecule data set and two of its many (connected) subgraphs, also called
patterns or fragments.

2 1 ~ 1
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A distance between patterns, the amount of co-occurrence, can be mea-
sured by calculating in how many graphs only one of the two patterns occurs:
if this never happens then these patterns are very close to each other and if
this always happens then their distance is very large.

We will define a method of building a co-occurrence model and show its
usefulness. To this end, this chapter makes the following contributions:

— The visualization of co-occurring graph patterns.

— We improve the clarity of the visualization by grouping.

— We will define a measure of calculating distances between patterns and
show how it can be calculated (Section 6.2 and Section 6.3).

— An empirical discussion of model construction for visualizing co-occurrence
(Section 6.5).

The mining techniques for molecules in this chapter make use of a graph
miner called GSPAN, introduced in [75] by Yan and Han.

For the visualization a method of pushing and pulling points in accor-
dance with a distance measure is used. The main reason to choose this
particular method was because it enables us to put a limit on the number
iterations and still have a result. Similar techniques were used in [13] to
cluster criminal careers and in [39] for clustering association rules.

This research is related to research on clustering, in particular of molecules.
Also our work is related to frequent subgraph mining and frequent pattern
mining when lattic