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Foreword

The area of data mining, or knowledge discovery in databases, started to
receive a lot of attention in the 1990s. Developments in sensing, communi-
cations and storage technologies made it possible to collect and store large
collections of scientific and industrial data. The abilities to analyze such data
sets had not developed as fast. Data mining research arouse at the intersec-
tion of several different research areas, notably statistics, databases, machine
learning and algorithms. The area can loosely be defined as the analysis of
large collections of data for finding models or patterns that are interesting or
valuable.

The development of data mining methods requires the solution of sev-
eral different types of problems. The data can have a very large number of
dimensions, indicating that for example examining every pair of variables
is impractical. The data can have hundreds of millions of observations, and
therefore only a limited number of passes through the data can be done. The
data can be observations of a process about which very little is known; hence
there is no background knowledge available, and thus selection of appropriate
models can be challenging. Or there can be heaps of background knowledge
available, and methods that overlook it are destined to fail.

Most data mining methods have been developed for data in the traditional
matrix form: rows represent observations, and columns represent variables.
This representation has been the traditional one used in statistics, and it has
many advantages. For example, matrix operations can be used to represent
several data analytic procedures quite succintly, and these representations
make it possible to devise efficient algorithms.

However, data about the real world is seldom of this form. Rather, the
application domain contains several different types of entities, of which dif-
ferent types of data are known. Only recently has a large body of research
aimed at data mining on such data emerged.

Relational data mining studies methods for knowledge discovery in data-
bases when the database has information about several types of objects.
This, of course, is usually the case when the database has more than one
table. Hence there is little doubt as to the relevance of the area; indeed, one
can wonder why most of data mining research has concentrated on the single
table case.

LINDA HALL LIBRARY
Kansas City, Mo.
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9. Distance ‘Based Approaches
to Relational Learning and Clustering

Mathias Kirsten!, Stefan Wrobel?, and Tamas Horvath!

! German National Research Center for Information Technology, GMD - AiS.KD
SchloB Birlinghoven, D-53754 Sankt Augustin, Germany

% School of Computer Science, IWS, University of Magdeburg
Universitatsplatz 2, D-39016 Magdeburg, Germany

Abstract

Within data analysis, distance-based methods have always been very
popular. Such methods assume that it is possible to compute for each pair
of objects in a domain their mutual distance (or similarity). In a distance-
based setting, many of the tasks usually considered in data mining can be
carried out in a surprisingly simple yet powerful way. In this chapter, we
give a tutorial introduction to the use of distance-based methods for re-
lational representations, concentrating in particular on predictive learning
and clustering. We describe in detail one relational distance measure that
has proven very successful in applications, and introduce three systems
that actually carry out relational distance-based learning and clustering:
RiBL2, RDBC and Forc. We also present a detailed case study of how
these three systems were applied to a domain from molecular biology.

9.1 Introduction

Within data analysis, distance-based methods have always been very popular
[9.23]. The central assumption of distance-based methods is that it is possi-
ble, for a particular domain under consideration, to specify for each pair of
objects their mutual distance (or similarity). In certain settings, these dis-
tance values can be assumed to be given as part of the application, e.g.,
when humans are asked to rate distances between pairs of choices as done in
certain psychological experiments. More often, however, in data analysis we
are starting with objects described in a certain representation language (our
instance space X) and use appropriate algorithms to compute distances for
these objects.

Once we have such distances between object pairs, many of the tasks
usually considered in data mining can be carried out in a disarmingly simple
yet powerful way.

9.1.1 Predictive learning

Let us first consider how it is possible to perform predictive learning from
examples given only distances between pairs of objects. Instead of forming
an explicit hypothesis in the form of first-order clauses, we simply store all
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available examples. Later, when we are asked to classify an unseen object,
we compare this new object to all previously seen objects, and predict the
function value associated with the nearest neighbor or our query object, i.e.,
the example object that has the smallest distance to our query object.

Considering only one object makes this algorithm very sensitive to noise,
so generally, the method of choice is k-nearest neighbor, where the k near-
est objects get to vote by majority on the prediction. Since this method of
learning is strongly based on the instances available as examples, it is often
referred to as instance-based learning. Many authors also call it lazy learning,
emphasizing the fact that the learner does not bother to explicitly form a
hypothesis, but lazily waits until an object to be classified comes along, and
only then forms a (local, query-specific) hypothesis.

9.1.2 Clustering

The task of cluster analysis is, roughly speaking, the task of grouping a set
of instances Z from an instance space X into different subsets (clusters) such
that objects belonging to the same cluster are maximally similar to each
other while simultaneously being maximally dissimilar to objects from other
clusters. Finding a clustering that is guaranteed to be optimal in terms of a
chosen quality measure is an infeasible task, as it would require an exhaustive
search through the space of all possible groupings of objects.

Hence, the available distance-based clustering algorithms use heuristic
strategies, two of the more prominent of which are bottom-up agglomerative
clustering strategies, and iterative k-means clustering . Hierarchical agglom-
erative clustering (c.f. [9.3]) constructs a hierarchy of nested clusterings by
repeatedly merging the two existing clusters that are closest to each other,
starting with all the individual instances as one-element clusters. The k-
means method [9.15], on the other hand, first randomly selects k cluster
centers, then repeatedly (a) assigns each instance to the cluster of the near-
est cluster center, and (b) computes the new cluster center for each of the k
current clusters, until a termination criterion is satisfied.

In this chapter, we give a tutorial introduction into the use of the above-
described distance-based methods for learning and clustering. As a key com-
ponent, in Section 9.2, we first explain what are the special challenges in
defining a distance for first-order representations, and show in detail one first-
order distance measure that has proven very successful in applications. We
then turn to three systems that actually carry out first-order distance-based
learning and clustering: RIBL2 (Section 9.3) is an instance-based learner,
while RDBC and FoRC (Sections 9.4 and 9.5) are agglomerative and k-means
clustering systems, respectively. In each of the system’s descriptions, we also
provide more detail as to the workings of the chosen basic method, and dis-
cuss the particular adaptations to first-order problems. Finally, in Section 9.6,
we present a detailed case study of how these three systems were applied to
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Let us assume that I = P(setl, 125, personal) is an instance in our ex-
ample and is further described by the ground atoms

cheese(setl, camembert, 150, france)
wine(set1l, mouton, 1988,0.75)

wine(set1, gallo,1995,0.5)

vineyard(gallo, famous, large, usa)
vineyard(mouton, famous, small, france) .

The set consisting of I and the above five ground atoms is the case of I.

Our example indicates that a type defining the set of possible values can
be assigned to each argument of the predicate symbols. Furthermore, the case
of an instance is usually not explicitly given. Instead, a set B of ground atoms,
also referred to as background knowledge, is given, and for a given instance I,
a subset of B is computed that defines (together with I) the case of I. This
approach allows for a more succinct representation, as ground atoms may
occur in more than one case.

More precisely, when applying one of our algorithms, the user has first to
define the vocabulary of the predicate symbols to be used in the relational
representation. Among these symbols there is a distinguished predicate sym-
bol P that will be used to represent the elements of the set X of all possi-
ble instances, also called instance space. The other predicate symbols, called
background predicates, are used to describe the user’s background knowledge
about the task. Each predicate symbol is associated (also by the user) with
a declaration defining the types and modes of its arguments. The type of an
argument. is one of the basic types from {number, discrete, list, term name}
while its mode defines whether or not the argument must be compared with
corresponding arguments during the distance computation. The type ‘name’
is used for arguments that contain identifiers representing objects.

Example 9.2.2. The vocabulary of Example 9.2.1 consists of P and the
background predicates ‘cheese’, ‘wine’, and ‘vineyard’ that are associated
with the following declaration:

P(a; : name, ay : number, aj : discrete)

cheese(a; : name, as : discrete, as : number, a4 : discrete)
wine(a; : name, ag : discrete, az : number, a4 : number)
vineyard(a; : name, a, : discrete, asz : discrete, a4 : discrete) .

In order to compute a case of an instance I € X, we rely on the instance
I, the background knowledge B, and a non-negative integer d > 0 called
depth bound. A case of I with respect to B and d is defined as the largest set
{I} U B’ such that B’ C B and for every background atom B € B’ it holds
that there are d’ < d and B(), Bl, ey ,Bdl_l,Bdr satisfying

—By=I,By =B,and B;e B fori=1,...,d -1,
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h

— B; and B;; contain at least one common identifier for every i =0,...,d —
1.

Example 9.2.3. To illustrate the above definition let us assume that the
background knowledge B in Example 9.2.1 consists of the following facts:

% set ID:name, cheese type:discrete, weight:number, origin:discrete
cheese(setl, camembert, 150, france)

cheese(set25, rogue fort, 200, france)

cheese(set25, ricotta, 100, italy)

% set ID:name, vineyard ID:name, year:number, bottle size:znumber
wine(set1, mouton, 1988,0.75)

wine(set1, gallo, 1995, 0.5)

wine(set25, mouton, 1995,0.75)

% vineyard ID:name, popularity:discrete, size:number, country:discrete
vineyard(gallo, famous,large, usa)
vineyard(mouton, famous, small, france)

Then the case defined by the instance P(setl, 125, personal) with respect to
B and d = 2 is given in Figure 9.1.

P(setl, 125, personal)

cheese(setl, camembert, 150, france)

wine(setl, mouton, 1988, 0.75)

vineyard(mouton, famous, small, france)

Y

4

wine(setl, gallo, 1995, 0.5)

4

vineyard(gallo, famous, large, usa)

Fig. 9.1. The case defined by I; with respect to B and d = 2 in Example 9.2.1.

9.2.2 The distance measure

Before giving an informal description of the algorithm for computing the
distance between two instances, we first give an example to illustrate how
this algorithm works.
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Example 9.2.4. Suppose we are given

— the instances I = P(setl, 125, personal), I, = P(set25,195, mail),
— the background knowledge B of Example 9.2.3,
— the depth bound d = 2,

and want to comnuta the distance between

TALINE VY RAALU UV Lasaaaps T uss v AT

B and d.
This distance is computed as the normalized sum of the distances between
the instances’ corresponding arguments, i.e.,

cages of I, and I, with reenect tn
th reenect

dist(l, I, B,d) = %(dist(setl, set25) + dist(125,195) +
+ dist(personal, maz'l)). (9.1)

For computing the last two terms, standard propositional distance measures
can be applied, i.e.,

dist(125,195) = |195 — 125|/500 = 0.14 (9.2)
(here the denominator denotes the highest possible price) and
dist(personal, mail) = 1 (9.3)

(as they are different). In order to compute the distance between the object
identifiers setl and set25, from the cases of setl and set25 we first collect the
sets of literals containing setl and set25, respectively, and partition them by
the predicate symbols. That is, we obtain the sets

— {cheese(setl, camembert, 150, france)}

Liset1 wine = {wine(setl, mouton, 1988,0.75),
wine(set1, gallo,1995,0.5)}
Lset25,cheese = {cheese(set25, roquefort, 200, france),
cheese(set25, ricotta, 100, italy)}
Let25,uine = {wine(set25, mouton, 1995,0.75) }

Now the distance Dcheese between the sets Lges1,cheese and Lset2s cheese 1S
defined by

/ \
min dist kcheese(setl, camembert, 150, france), l)
lELs=t25.cheue

Dcheese = (94)
ILset25, cheese |

4 min((1+1l"%i+0)/3,(1+iﬁ'%—g;ﬂ+1)/3) o

2
=0.1944 .

We note that in (9.4) we normalize by the cardinality of the larger set
Let25,cheese, and by 3 the two terms in (9.5), as we do not compare again
the first arguments containing the set identifiers. Applying that
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dist(mouton, gallo) =
dist(famous,famous)+dist(small,large)+dist (france,usa) )
3

min (

1
= 0.6666 ,

Letwe F [ dr T T e R SRS =1
Lie UIsLaice -mee DEUWEEIL Liget]l ,wine QNG Liget25 wine 15 COMIPUIEA iil @ Siililaad

manner, i. €.,

min dist

P

wine(set25, mouton, 1995,0.75), l)

eLsetl wine

Dwme =

'Lsetl ,wine I

min((o + 11095-1988] | ) /3 (06666 + 0 + 12:75=0:51,) /3)
2

="0.0117" .

Tcing the ahave values the distance between object identifiers set1 and <125

dist(I, I, B,d) = (0.1031 + 0.14 + 0)/3 = 0.081 .

As shown by the above example, the algorithm for computing the distance
hetween two instances is given

— a vocabulary of the above form associated with an argument type and
mode declaration for each of its predicate symbols,

— the two instances I; and I from the instance space X (i.e., two P-atoms),

— background knowledge B consisting of background atoms,

— a depth bound d > 0 (used to control the recursion) .

I, I, and the atoms in B are all ground (i.e., they do not contain variables).
For the two instances I; and I3, the algorlthm first computes their corre-

sponding cases with respect to the given background knowledge B and the
denth hound d as described in the previous subsection. To compare I» and
Ig, the distance function recursively descends into their corresponding cases,
beginning with the ground P-atoms I; and I. In general, when comparing
two ground atoms, each with the same predicate symbol, one first computes
the distance between their corresponding arguments that have been marked
for comparison in the mode declaration, then sums up these distances, and
normalizes finally this sum with the number of marked arguments. Dependmg
on their common type, two arguments are compared as follows.

number and discrete: For arguments of these basic types, some corre-
sponding elementary distance function is called.

is then computed by
dist(set1, set25) = Decheese 2+ Dyine
=0:3031
Combining (9.2), (9.3), and the above equation with (9.1), we finally obtain
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list and term: For arguments of these types, our measure employs edit dis-
tances. Intuitively, with an edit distance, we are given a set of edit oper-
ations such as insert, delete, and change with an associated cost function
that tells us how expensive it is to delete or insert an element of the un-
derlying alphabet, or how expensive it is to change one into another. The
edit distance is then defined as the smallest cost of a sequence of such
operations that turns the first object into the second. For both of lists
and terms, there are efficient algorithms for computing the edit distance
(see, e.g., [9.22, 9.24]).

name: When comparing two arguments of this type, the algorithm first
checks whether the depth of the recursion has already reached the in-
put parameter d (i.e., the depth bound d is used to ensure limited effort
for the recursive computation). If yes, the arguments are compared as
that of type discrete. Otherwise, all further facts from the cases about
the respective named objects are first collected. Each of these two sets is
then partitioned by the predicate symbols, and for every predicate sym-
bol we compare its corresponding subsets from the two sets as follows.
For each fact from the smallest set we compute recursively its distance
from the larger set (i.e., the distance between this fact and its nearest
fact from the larger set), then sum up these distances and normalize with
the cardinality of the larger set.

9.3 Instance-based learning with RiBL2

RIBL2 is a first-order instance-based learner applying the classical k-nearest
neighbor (kNN) classifier in a relational representation, using the distance
measure described in the preceding section. In more detail, a k-nearest neigh-
bor algorithm determines its predictions as follows. To simplify the discussion,
note that our distance measure takes on values in the range [0, 1], so we can
equivalently work with the function

sim(z,y) := 1 — dist(z,y)

which is 1 for identical objects and falls towards 0 with increasing distance
between objects. Given a set of examples E and a new instance r,.... from
X to be classified, let us call N C E the set of k nearest neighbors of z,q,
according to sim. Further details depend on whether we are predicting a
discrete or continuous variable. For a discrete variable, denote by

Wy I e, gy) € VY
those neighbors that are voting for value y;. The algorithm will then predict

h(Znew) := argmaz,, Zez(z,y,-)EN,,j BIE, Snsw)”
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where a is a parameter that determines how much an influence is allocated
to farther-away neighbors. If we are predicting a continuous variable, we use
a weighted average instead:

2 e=(z,y)eN SIM(T, Tnew)? - Y

Ze:(z,y)EN Sim(ﬂ:, Iﬂ-ew)ﬂ .

il Thew) =

In order to determine k, most k-nearest neighbor algorithm internally esti-
mate the accuracy that can be achieved (e.g., by cross-validation), and then
choose the value of k that has ranked highest for all future classifications.
Despite this very simple principle, k-nearest neighbor methods are known
to be competitive with and often superior to other approaches in terms of
predictive accuracy. Thus, they are attractive choices whenever an explicit
hypothesis is not needed.

9.4 Hierarchical agglomerative clustering with RpBcC

Finding a clustering that is guaranteed to be optimal in terms of a chosen
quality measure is an infeasible task, as it would require an exhaustive search
through the space of all possible clusterings. Hence, the available distance-
based clustering algorithms use heuristic strategies. The RDBC algorithm
employs one of the most basic distance-based clustering methods, namely
hierarchical agglomerative clustering (c.f. [9.3]).

9.4.1 Forming a cluster hierarchy

Together with the distance measure described in Section 9.2, hierarchical ag-
glomerative clustering does not build flat partitions of the data but iteratively
constructs a list of nested clusterings Cy,...,C,. Figure 9.2 shows an example
together with the typical visualization of such a clustering in a dendrogram.

The construction of the hierarchical clustering is done in a bottom-up
manner by starting with the clustering C; where each case forms its own one-
elemental cluster. The next clustering is built by combining the two closest
respectively most similar clusters to a new cluster. In this case, the distance
between two clusters is simply the distance between the two cases, as each
cluster consists of a single element. For all subsequent clusterings the step of
combining the two most similar clusters is repeated until finally the cluster-
ing (C,) consists of a single cluster only. When joining two clusters to a new
one, the distances between the new cluster and all other clusters can be com-
puted from the already known distances of the current clusters. Depending
on the chosen computation rule we get different variants of the hierarchical
agglomerative clustering:

dz'st(C’l UCs,C3) := f(dist(Cl, Cs3), dist(Cs, C3)).
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RDBC includes the four most popular variants: f = min, the so called single-
link clustering, f = max the complete-link clustering, and for f = average
the average-link clustering. A somewhat more complicated choice of f results
in Ward’s method, which guarantees that the sum of (squared) distances is
minimized for each aggregation step (this does not necessarily hold for the
finai resuit though).

So, suppose we have a set of instances I, ..., I5 together with their pair-
wise distance information computed by RIBL’s distance measure:

I]_ 12 13 I4 Is

I,{0 0.120.60 0.64 0.77
I, 0 0.700.800.84

% 0 0.350.45
T 0 0.40
L 0

Employing the complete-link variant of RDBC on this data yields the cluster
hierarchy shown in Figures 9.2 and 9.3.

9.4.2 Turning the cluster hierarchy into flat partitions

The chosen agglomerative approach renders a distance-based hierarchy of
cases where the distance between subtrees decreases as we move from root
towards the leaves. For many applications, such a hierarchical tree is all that
is required. If however, the clustering task requires the selection of a single
set of clusters, we need a technique for turning the tree into such a set.
Since we are trying to minimize intra-cluster distance (respectively maximize
intra-cluster similarity), it is natural to base cluster selection from the tree
on this criterion. RDBC therefore uses a search procedure that “cuts up”
the tree according to growing intra-cluster similarity thresholds, and selects
the threshold and its corresponding group of clusters that minimizes average
intra-cluster distance. Thus the exact number of clusters does not have to
be predefined by the user but is automatically computed according to the
quality function. More precisely, in RDBC the quality of a set of clusters C is
defined as:

IEN C T L e
C1 = {(N), (I2), (13), (1), (I5)}
Cy = {(I1, I2), (Is), (a), (I5)} LJ
Cs = {(I1, I2), (I3, In), (Is)}
Cs = {(I1, 1), (I3, 14, Is)}
(s = {(I1,12,I3,I4,I5)} '

Fig. 9.2. Hierarchical clustering and its visualization in a dendrogram.
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Ecgc diStintra(C)
| C| :

where distin,qo(C) denotes the intra-cluster distance of a cluster C, which is
the averaged sum of all distances between element pairs of the cluster, and
is hence a measure of the cluster’s compactness.

It should be noted, that the above quality measure cannot be applied
directly as it reaches its maximum for a partitioning where each cluster con-
sists of a single case. RDBC solves the problem by moving all single-element
clusters into an outlier cluster, and the optimization of qual(C) takes place
on the resulting clustering.

So, coming back to our example involving I;,...,I5, the transformation
of the hierarchy into a set of partitions firstly requires to find a threshold for
which the above quality function qual(C) is maximal.

All potential thresholds are evaluated by removing those connections from
the hierarchical tree structure which lay below the given threshold. Thus,
the result is a clustering forest rather than a tree. A cluster (respectively a
partition) is then the set of instances belonging to a single tree!.

In the example, cutting up the hierarchy at d = 0.5 results in two par-
titions C; = {I1,I>} and Cy = {I3, I, I5}. The quality for this clustering is
calculated as

qual({C]_, 02}) = dist(ly ,I2)+(d‘i8t(13,Is)+2d1:8t(14,I5)+di$t£14,[5))/3

= 0.26

Finding the best threshold in the example is left as an exercise to the reader.

qual(C) =

n Ip Iz I4 Iy A oilal I3 -rfayd5
0.0 0.12 0.0 T_T

1 - 1
n e n
td td
o T E:3
as and as
e 308 ct 05

i - b

n n
e DM ue
te Ly te C_]_ C2
e a e
r - r

1.0 1.0

Fig. 9.3. Transforming a hierarchical clustering into flat partitions.

9.5 FORC - k-means for multirelational data

A very popular clustering technique for finding clusterings of a predefined
size k is the k-means method [9.15]. FORC is the first clustering system to

! Isolated instances without any connections are not handled as one-elemental
clusters but are gathered into the outlier cluster.
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carry this algorithm over to first-order, relying on the distance measure of
Section 9.2.

The basic idea of k-means is as follows. Firstly, an initial state has to be
constructed by selecting or creating k cluster centers from X. In practice this
is mostly done by randomly drawing k elements from the set of cases. With
this initial state a two-step iteration is started:

1. Assign each case to the cluster of the nearest cluster center.
2. Compute the new cluster center for each of the k current cluster.
3. Go to step 1 unless clustering quality does not increase any more.

Thus, in each iteration the centers of the current clusters are determined
in order to subsequently rebuild the k clusters on basis of the new centers.
Figure 9.4 shows an example of this process for X = IR? (the corresponding
cluster centers are pictured by the large circle respectively box).

Initially selected Initially selected
<— cluster centers =¥ °e -4-* cluster centers i o
B @ ® B %@ ®
- ] % @
® b ® ®
% cluster means 0o LOFO) ?@4— cluster medoids ——p @e e
O] o 19 ® o] & ®
B O] o) ®
O] ® ® ®
O] &
[oF%) ®e
@ ]
s Mo O, g e i
]
= © EEJ ®

Fig. 9.4. Example for k-means and k-medoids in the IR? space.

Obviously, k-means requires a distance measure on the given instance
space X, for which as pointed out above, the distance measure described in
Section 9.2 is used. However, k-means also requires that in X the center of
a set of cases can be computed, i.e., the center of a set of points is the point
whose summed distances to the cases of the set is minimal. This is most easy
if X = IR", i.e., for strictly numerical instance spaces. There the center of a
set C' C X is simply given by its mean:

center(C) := ﬁ Z c

ceC

The corresponding (and usual) distance measure is the n-dimensional Eu-
clidean metric but the Mahalanobis distance is [9.6, 9.14] also used.

For first-order data the problem is more challenging, since similarly obvi-
ous solutions for finding a center are not at hand. In fact, on multirelational
data there is no longer any geometric or intuitive notion of the phrase “cluster
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center”. In addition, an analytic solution for the construction of the cluster
center does not exist, therefore we have to make do with approximation.

FoRrc employs a solution that alleviates the problem of how to construct
a previously not existing cluster center, which is to take an existing case as an
approximation for the cluster center. This should be the most central instance
of the set, 1.e., the instance whose sum of squared distances to all other
instances in the set is minimal and which is thus closest to the (unknown)
cluster center. This approach is already known as the k-medoids method
[9.10, 9.11], and first results of FORC obtained on the mutagenesis data set
[9.21] using RIBL’s distance measure show k-medoids’ promising potential on
first-order data [9.13].

Obviously, the whole process relies on distance information only, and is
hence applicable to any representation for which an appropriate distance mea-
sure is available (e.g., a first-order representation + RIBL’s distance measure).
On the downside, when making no prior assumptions about the representa-
tion used, the computational complexity suffers from the expensive search
for the medoid which requires time proportional to the squared number of
instances in a cluster.

9.6 A case study in mRNA signal structures

In this section we present a case study designed to illustrate how relational
distance-based learning and clustering algorithms can be applied in a real-

world domain: the mRNA signal structure prediction and the automatic dis-
covery of uncharacterized mRNA signal structure classes, respectively. More
detail on this domain of application, and on the results of using RiBL for
predictive learning in this domain, is given in [9.8]. For further applications,
see [9.4, 9.7]. In the following, we first define the prediction and clustering
problems arising in the mRNA signal structure application domain, describe
the relational representation used for both problems, and briefly discuss the

kinds of results that can be obtained.

9.6.1 The mRNA prediction and clustering problems

During the process of protein synthesis, messenger RNA (mRNA) molecules,
a special kind of RNA molecules, mediate between the sites of information
storage (i.e., DNA, which is functionally inactive) and protein synthesis. In
general, an RNA is a linear sequence of the four bases (adenine — A, cytosine —
C, guanine — G, and uracil - U) folded and coiled into specific conformations.
The three-dimensional conformation of an RNA contains local regions of short
complementary base-pairing, i.e., the two stable Watson-Crick base pairs A—
U, G-C, and the weak G-U. The structure of RNA molecules is usually
described at the following levels of abstraction:
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primary structure: It is the linear sequence of the four bases that make
up an RNA.

secondary structure: It is the collection of the base pairs occurring in the
RNA'’s three-dimensional structure.

tertiary structure: It is the three-dimensional conformation of the RNA.

In addition, for the primary structures of messenger RNA molecules it also
holds that they can be divided into three parts; they consist of a coding region
(in their middle) defining the amino acid sequence of the target protein to be
synthesized, and two non-coding regions (in their two ends) that contain reg-
ulatory motifs. Such regulatory motifs, called signal structures, control gene
expression at the posttranscriptional level of the protein synthesis. Depend-
ing on their regulatory roles during the process of protein synthesis, signal
structures are grouped into different signal structure classes. In this field
of research, there are (at least) the following two challenging computational
tasks:

— Detect (possibly new) signal structures belonging to known signal structure
classes on a given uncharacterized mRNA.
— Find uncharacterized signal structure classes.

As a first step towards the direction of finding good algorithmical solutions
to the above two problems, we consider the following two related problems,
respectively. (In the description below, X denotes the set of all signal struc-
tures.)

signal structure prediction task: Given a set C of signal structure
classes, a set i C X of characterized signal structures (i.e., each with
known class) belonging to one of the classes from C, and a signal struc-
ture I € X of unknown class from C, the aim is to give a good prediction
of the class of I.

automatic discovery of uncharacterized signal structure classes:
In this task, we are given a set i C X of uncharacterized signal structures
(i.e., with unknown class information), the aim is to find a clustering
(I1,...,1I) of i with k as small as possible such that each cluster is a
subset of some (possibly uncharacterized) signal structure class.

Now we turn to the problem of how to represent the components of the
above computational tasks. When viewing the secondary structures of mRNA
molecules, one can observe a set of different patterns [9.25], like hairpin loops,
internal loops, etc, that make them up (see also Figure 9.5). These patterns
are also referred to as structure elements. Furthermore, it also holds that
mRNA’s secondary structures can be viewed as trees (for more details see e.g.,
[9.20]), where the nodes represent the structure elements. As signal structures
are (continuous) subsequences of the primary structures, this observation
holds for them as well.

As an example, we consider a signal structure belonging to the class Se-
lenocysteine Insertion Sequence (SECIS). Its primary structure is
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hairpin loop

internal loop

multibranch loop

Fig. 9.5. mRNA structure with marked structure elements.

AUGACGAGCUAGGCAAUAGGCGAGACCUAGACUUAGCUCUGAG ,

and its secondary structure is given by the following complementary base
pairs

AUGACGAGCUAGGCAAUAGGCG

LA RRRA VY TR
GAGU CUCGAUUCAG AUCCAG

In Figure 9.6, we give the structure elements that make up this secondary
structure, and also the tree structure of these structure elements. As shown
in the figure, the inner nodes on the longest path from the root all correspond
to the pattern ‘stem’. The root itself on this path is a dummy node, i.e., it
does not represent any part of the signal structure. The other endpoint of
the path corresponds to the hairpin loop (i.e., CGAGA) in the signal structure.
This example indicates the following description of signal structures in our
relational representation language.

The instances of this application are the signal structures. Using their
tree structures, a signal structure, an instance from X, is described by the
binary predicate

structure(struct-id, tree_structure)

where the first argument of type ‘name’ defines its identifier, and the second
argument of type ‘term’ is used to describe its tree structure. For instance,
the signal structure given in Figure 9.6 can be described by the ground atom

structure(s;, dummy(sey 1, se; 2(sey 3,5€1,4(...),s€1,11), s€1,12))
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hairpin loop CGAGA
G-C
ctem G-C
1 A-U UAGG
U-A i CCUA i
A
bulge5 AC AG Bk

GAGCUAGG
CUUAGCUC

stem

bulge5 \

stem
bulgeb bulge3 ’

il \’ /
single single
O

5 -

C).’P'C)(l')g.'JrC)C)
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Fig. 9.6. The representation and the tree structure of a SECIS signal structure.

where ‘dummy’ is a constant denoting the root for each signal structure, and
se11,...,se1,12 are further identifiers denoting the structure elements of s;.
(We note that the identifiers se; 1,. .., sej 12 are assigned to the descendants
of the root of the tree given in Figure 9.6 according to preorder tree traversal.)
The structure elements of the given signal structures are further described

in the background knowledge. Depending on their types, structure elements
are pither helical (Q_g_, gtems) or single (e_a- haienin lann  haleal o ladeoo) A

Oy AATUAL prads AUV Ry MUARUUY MULRUL Js e

pattern of type single is described by the background predicate
single(se_id, type, sequence)

where the argument se_id of type ‘name’ is an identifier denoting the structure
element, type of type ‘discrete’ gives the structure element’s pattern, and
sequence of type ‘list’ defines the primary structure of the structure element.
Patterns of type helical are described by the background predicate

helical(se_id, type, sequence,, sequences)
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where the arguments have similar semantics as in the case of predicate single.
For instance, the structure elements of the signal structure in our example
could be described by the background atoms:

single(se; 1, single, [a]),

helical(ses ». stem, [ul. [a]),

single(se; 3, bulges, [g]),

helical(se; 4, stem, [a], [u]),

single(sey 5, bulge5, [c]),

helical(sey ¢, stem, [g,a, g,¢,u, a, g, 9], [c,u,u,a,g,¢,u,c]),
single(se; 7,bulge5, [c, a, a)),

helical(se; g, stem, [u, a, g, 9], ¢, ¢, u, a]),

single(se; g, hairpin, [c, g, a, g, a]),

single(se; 10, bulge3, [g, a]),

single(se; 11, bulge3, [g]),

single(se: 10, single. [g])

9.6.2 Results

For our experiments we have chosen a small domain consisting of 66 signal
structures over 5 signal structure classes. For predictive learning, the optimal
number of neighbors (k) has been estimated by leave-one-out cross-validation.
The results for the different values of k& are given in the following table (for
more details see also [9.8]).

Table 9.1. Results for estimating the optimal number of neighbors (k).

#instances #correctly classified for best accuracy
B AW T2 8 e BB Y 8 000 ik (%)
66 63 63 59 60 62 60 60 61 60 61 1 95.4

Clustering experiments were conducted with RDBC. Using all 66 instances
for clustering, RDBC returned ten clusters (see Figure 9.7). While some of the

actual classes were rediscovered by RDBC (s_tar, s_ire, s_histone, and s_secise2),
the clustoring of clace € cecisel appears to be hard. Whereas the mixed clnster
Cg made up of s_secisel, and s_secise2 may be caused by a folding which those
instances have in common, cluster Cg is hard to explain. In addition the
misplaced instances s_secisel(5) and s_secisel(10) in cluster C; would better
fit into cluster Cs.

To further evaluate the quality of RDBC’s results, we used the computed
clusters for prediction. Two experiments were conducted and the prediction
accuracy was determined via a leave-one-out-approach. In both experiments
class information was not used during the clustering stage. In the first exper-
iment all instances except the test instance were available for building the
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clusters. The test instance’s class was then determined by a majority vote
over instances of the most similar of the obtained clusters (according to the
distance measure). In contrast to that, for the second setup we included the
test instance during clustering. As in the first experiment, we employed ma-
jority voting for determining the test instance’s class®. Table 9.2 gives the
avculacies vblalned Dy our two experiments.

Table 9.2. RpBC’s accuracies on the mRNA domain.

RpBC with  RDBC without
test instance test instance

87.9% 83.3%

15!
i 11{10]

Cio0 Cg Cg Cg Cqo (oF]

Fig. 9.7. Sample cluster-hierarchy on the mRNA data. Shaded bars at the bottom
mark the clusters found by RpBC.

9.7 Conclusion

First-order distance-based learning and clustering methods offer a lot of po-
tential for applications involving complex and structured objects. For learn-
ing, distance-based “lazy” methods are known to often outperform their non-
lazy counterparts; for clustering, a distance-based formulation is naturally at
the heart of cluster quality. As shown in this chapter and the work on which

? In nine cases the majority vote resulted in a draw between two equally frequent
classes. We resolved this by assigning the class of the instance most similar to
our test instance. For this nearest-neighbor voting only instances of the cluster
belonging to one of the two equally frequent classes were taken into account.
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it is based, it is possible to define useful distance measures for first-order ob-
jects, making the strengths of distance-based methods available to first-order
problems. Whenever an explicit generalization is not needed, the methods
presented here are very strong contenders in terms of solution quality.
However, a few words of caution are also in order with respect to scala-

Lluo. TMandla. 2cndnomnna hanad Tnacacleaw el o B Tl e il 1 i»
Linty. Uirsily, instance-based learning methods must store all {or, when opii-

mized variants are used, at least some) of their instances until classification
time. Thus, the compression effect that can be obtained with explicit hy-
potheses is not achieved here. Secondly, computing distances between first-
order objects is not as cheap an operation as computing a Euclidean distance
(see [9.8] for details). While still faster than most generalization algorithms,
this distance computation must be carried out at classification time, so such
methods are not suitable if very rapid classification is a primary concern. As
to the clustering methods, once the distance matrix is computed, they largely
inherit the known computational properties of standard distance-based clus-
vering algoritnms; nowever, convergence of k-means may be somewhat slower
since no exact cluster centers are computed.

In sum, all three of the methods described here are most suitable for
domains with no more than several thousands of objects; more research is
needed to scale them to the very large databases sometimes found in KDD.
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