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A. Secker et al.

Abstract: We address the important bioinformatics problem of predicting
protein function from a protein’s primary sequence. We consider the functional
classification of G-Protein-Coupled Receptors (GPCRs), whose functions are
specified in a class hierarchy. We tackle this task using a novel top-down
hierarchical classification system where, for each node in the class hierarchy,
the predictor attributes to be used in that node and the classifier to be applied
to the selected attributes are chosen in a data-driven manner. Compared with
a previous hierarchical classification system selecting classifiers only, our new
system significantly reduced processing time without significantly sacrificing
predictive accuracy.

Keywords: hierarchical classification; supervised learning; attribute selection;
feature selection; classifier selection; protein function prediction; GPCR;
g-protein coupled receptor.
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1 Introduction

Hierarchical classification is a variant of the well-known data-mining task of
classification where classes are arranged in a hierarchy: typically either a tree or a DAG
(direct acyclic graph) where each node corresponds to a class. Hierarchical classification
is important in bioinformatics, particularly in protein function prediction, because such
functions are often specified as a hierarchy. In this context, higher-level classes
correspond to general functions, whilst lower-level classes correspond to more specific
functions.

This paper focuses on predicting the functional class of (GPCRs), which are typically
specified as a hierarchy. GPCRs are an important type of protein as they can transmit
messages from a cell’s exterior to its interior, modulating cellular behaviour. For
this reason, GPCR proteins are a common target for therapeutic drugs: approximately
50% of all marketed drugs are targeted towards a GPCR (Flower, 1999; Klabunde and
Hessler, 2002).

A popular strategy for hierarchical classification is the top-down approach. In the
training phase, the system builds a tree of classifiers — where every classifier is associated
with a node in the class tree. In the testing phase, a test example is classified in a
top-down fashion, so that the example is first classified by the root node (0-th level)
classifier. This prediction is used to decide to which child (Ist level) classifier the
example will be transferred. This decision process continues until the example reaches
a leaf node. Typically, every node of the classifier tree uses the same kind of
classification algorithm to build the classifier (classification model) at that node.

Davies et al. (2007b) and Secker et al. (2007) have recently proposed an alternative
to this top-down hierarchical classification method which uses a set of candidate
classification algorithms at each classifier node. The method obtaining the best
classification accuracy is chosen as the classifier at that node. They called this the
‘selective top-down approach’, to emphasise that a classification algorithm is selected
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at each class node. In general that approach outperforms conventional top-down
classifiers that use only one form of classification algorithm throughout the hierarchy.
However, the selective approach is often very slow due to the overhead of training and
testing many different classifiers at each class node, particularly when the number of
nodes is large.

This motivates the use of feature selection as a way to improve the computational
efficiency of that approach. It is well-known that feature selection, when used in the
data-preprocessing phase of the knowledge discovery process, often significantly reduces
the time needed to train and/or test a classification algorithm. Feature selection may also
increase classification accuracy on the test set as noisy, irrelevant or redundant attributes
which confuse the classification algorithm can be removed. However, there is no
guarantee that feature selection will improve predictive accuracy in practice.

We investigate here whether feature selection can be used to improve computational
efficiency without compromising predictive accuracy, in the context of predicting the
functional hierarchy of GPCR proteins.

We propose to increase the speed of the selective top-down approach for hierarchical
classification using feature selection at each node of the class hierarchy. The features are
selected independently at each node. Thus each classifier in the tree could use a different
set of attributes for its predictions. Only attributes which are good predictors at a
node will be used. This decision is made by the attribute selection method in a data
driven manner.

In our experiments, feature selection maintained predictive accuracy yet reduced
significantly the time necessary for training and testing of the top-down approach on
a GPCR dataset.

The remainder of this paper is organised as follows. Section 2 reviews relevant
bioinformatics concepts and methods, thus allowing better understanding of subsequent
sections. Section 3 provides background on relevant data mining concepts and methods.
Section 4 describes in detail the proposed top-down hierarchical classification system
with both attribute selection and classifier selection. Section 5 discusses computational
results evaluating the proposed system. Section 6 draws general conclusions and suggests
future research directions.

2 Background on bionformatics

2.1 G-Protein-Coupled Receptors (GPCRs)

GPCRs are a type of protein. Proteins are large molecules comprising chains of amino
acids. The order and identity of the amino acids in this chain together form the protein’s
primary sequence. Sequences fold into complex structures allowing them to perform
functions. GPCRs are transmembrane proteins, meaning that they are embedded within
the lipid bilayer of the cell’s outer membrane so that some regions of the protein are
exposed to the interior of the cell while other regions are exposed on the extracellular
surface. GPCRs are bound by a variety of different molecules (ligands) found outside the
cell. This binding activates the GPCR, which in turn binds a G protein inside the cell,
causing an alteration in the cellular function.
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The most widely used GPCR classification scheme, GPCRdb (Kolakowski, 1994),
divides GPCR proteins into six families, designated A-F with class A being the largest
human GPCR family. The GPCRdb classification scheme is a functional classification
based on the ligand to which a receptor is bound rather than the primary sequence.
The GPCRdb class structure is hierarchical. That is, general classes such as the families
A-F subdivide naturally into subclasses. These subclasses divide again into sub-classes
and so on producing a tree of classes, or a class hierarchy. Note that child classes have
exactly one parent, unlike certain biological datasets where child classes may have
numerous parent classes. In this study, GPCR families A — E are used. Class F was not
considered as it contains too few sequences to induce a classification model. For similar
reasons only the top 3 levels of the hierarchy are considered.

2.2 General approaches for GPCR classification

Previous methods for GPCR classification have included motif-based prediction
(Flower and Attwood, 2004; Holden and Freitas, 2006) as well as machine learning
techniques such as Hidden Markov Models (Moller et al., 2001) and Support Vector
Machines (Karchin et al., 2002). Traditionally, protein sequence classification has been
undertaken using alignment-based methods. It has been common to compare two proteins
using amino acid substitution matrices, which measure relatedness (based on similarity)
between two sequences. Over time, positions in a protein sequence mutate and traditional
methods align one protein with another and measure the similarity between them.

Recently however, it is becoming more common to turn sequences into sets
of numbers representing their properties. Called proteochemometrics, an advantage of
this approach is that alignment is not needed, and standard classifiers drawn from the data
mining literature may be used to categorise sequences. We use here an alignment-free
representation to undertake sequence classification. Davies et al. (2007a, 2008)
contains reviews of GPCR function prediction methods; extensive reviews of general
protein function prediction (not just for GPCRs) are available (Friedberg, 2006; Rost
et al., 2003).

2.3 Creation of attributes from protein sequence

Davies et al. (2007b) and Secker et al. (2007) have published previously using ‘z-values’
to represent a protein sequence. 26 separate amino acid physicochemical properties were
reduced to five composite ‘z’ values, each ‘z’ scale corresponding to the 20 natural amino
acids. Each amino acid in the sequence is first transformed into its respective set of
z-values. Averaging each of the five z-values over the sequence resulted in an accurate
yet compact representation, where the entire sequence was reduced to five attributes.
This was extended to 15 attributes in Davies et al. (2007b).

In this paper we explore instead the attribute creation technique defined in Tong and
Tammi (2008), based on local descriptors, which led to better results in our experiments.

In developing these local-descriptors, Cui et al. (2007) divided the amino acids into
three functional groups: hydrophobic (CVLIMFW), neutral (GASTPHY), and polar
(RKEDQN), as suggested by Chothia and Finkelstein (1990). It is then possible
to substitute the amino acids in the sequence for the group in which that amino acid
belongs. Assuming H = hydrophobic, N =neutral and P = polar, the protein sequence
CVGRK would be converted to HHNPP. The position or variation of these groups within
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a sequence is the basis of three local descriptors: composition (C), transition (7), and
distribution (D).

C is the proportion of amino acids with a particular property (drawn from a particular
group such as hydrophobicity). As an example, given the group H, we can determine
C(H) over the example sequence of HHNPP as 0.4 as 2 of 5 positions in the sequence are
of value H. T is the frequency with which amino acids with one property are followed by
amino acids with a different property. Thus to compute 7(/N) over the example sequence,
we can see there is a transition between H and N from positions 2 to 3, then a transition
from N to P between positions 3 and 4. In this case T(N) =2/4 =0.5 as there are four
places where a transition may occur. Any transitions between H and P are ignored here
as neither of these groups are the subject. Descriptor D measures the chain length within
which the first, 25, 50, 75 and 100% occurrences of the particular property are located.

As the amino acids are divided into three groups, the calculation of the C, T and D
descriptors generates 21 attributes in total (3 for C, 3 for T and 15 for D). While this
technique is valid if applied over the whole amino acid sequence, Tong and Tammi
(2008) split the amino acid sequences into 10 overlapping regions in order to better
capture epitope binding patterns (see Figure 1). For sequences A-D and E-F there may
be cases where the sequence cannot be divided exactly, necessitating extension of
a subsequence by one residue. Each descriptor — C, T, and D — is calculated over the 10
subsequences, resulting in 210 features describing the protein. The number of attributes
therefore generalises to 70n, where n is the number of amino acid groups.

Figure 1 The ten descriptor regions (A-J) for a theoretical protein sequence of 16 amino acids

EEEEEEREN

< : >
< : 4

Source: Tong and Tammi (2008)

Preliminary experiments showed that this data representation resulted in a good
predictive accuracy when combined with the selective top-down classifier. A summary
of our results compared with previously published results is shown in Table 1.
The predictive accuracy given in Table 1 represents the accuracy computed at the leaf
nodes of the class tree, which is the most specific (most informative to the user)
prediction. Each result is generated using comparable protocols, using comparable data'
and the same implementation of the top down hierarchical classification system with
classifier selection. The exact experimental protocol is omitted; the interested reader is
directed to the references cited in Table 1. The results shown in the last row have been
produced using ten independent runs of a 10-fold cross validation.
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Table 1 Comparison of the predictive accuracies (%) of different protein representations in top
down hierarchical classification with classifier selection

Protein representation Accuracy (%)
Means of Z-values Secker et al. (2007) 58.08
Means of Z-values with termini Davies et al. (2007b) 69.98
Local descriptors (used in this work) 70.46

Table 1 indicates that the 210 features generated by the local descriptors technique result
in the best predictive accuracy out of the three types of protein representation (attribute
sets). However, the burden of this many attributes results in unacceptably long runtimes
for the selective top down classifier. As many of the 210 attributes may be redundant;
running attribute selection prior to training and testing may be advantageous. This
is explored fully in Section 4.

3 Background on data mining

3.1 Top-down approach to hierarchical classification

The vast majority of the classifiers in the literature deal with flat data sets, with a single
level of classes. Within a hierarchy, an example may be assigned to a class at a number
of levels of specialisation. The most general level being nearest the root of the tree; levels
become more specialised as the tree’s branches are traversed.

The class structure of a typical flat dataset will contain, for example, classes A, B and
C which are all equally distant from each other. However, in a hierarchy some classes
may be more alike than others. Given the class tree in Figure 2(a), while classes A and B
are equally dissimilar, classes, Al, A2, B1, and B2 are not. In this case Al and A2 are
more alike than Al and B1, as Al and A2 share a common super-class.

The top-down approach is an effective strategy for classifying data with a hierarchical
class structure. In this strategy, the hierarchical classification problem is converted into
a number of flat classification problems that are solved independently by running a flat
classifier many times. A review on hierarchical classification techniques with particular
emphasis on protein function prediction can be found in Freitas and Carvalho (2007).

Figure 2 Part (a) shows an example of a class hierarchy and Part (b) shows how that hierarchy
may be reflected in a tree of classifiers ready for a top-down approach to classification

All data Root Classifier
/\ N
class A class B
A B classifier classifier
Al A2 B.1 B2 Al A2 B.1 B2
(a) (b)

Given a class structure described by a tree, as in Figure 2(a), a tree of classifiers can be
built reflecting this structure, as shown in Figure 2(b). Thus, a tree of classifiers is
generated such that the output of one classifier constitutes the input for another.
The number of layers of classifiers will equal the number of levels represented by the
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class attribute, and one classifier is built for each internal (non-leaf) node in the class tree.
To train the classifiers, all data in the training set is used to train the root classifier.
However this is not the case with subsequent classifiers. For example, the ‘class A
classifier’ needs only classify an instance as A.l or A.2, so only data of class A is
used for training. Likewise the ‘class B classifier’ is trained using only data belonging to
class B.

When classifying new instances in the test set (unseen during training), the root level
classifier will assign a class to the top level only — in the case of Figure 2, class A or B.
The instance will then be passed to the next level based on the decision made by that root
classifier; i.e., if the instance is assigned class A then it will be passed to the ‘class A
classifier’. This process continues until an instance is assigned its final leaf class.

3.2 Top-down hierarchical classification with classifier selection

In a naive approach, hierarchical data can be classified by simply flattening the class
hierarchy. Here, a single classifier assigns every test instance the class of a leaf node,
and parent nodes can then be inferred from this most specific class. However, many
important real-world hierarchical classification problems have many tens or hundreds of
classes at the leaf level. Given this superfluity of classes, the accuracy of the single flat
classifier can be impeded.

The top-down approach tends to be more effective than the above approach, because
it decomposes the problem into successively smaller sub-problems, reducing the number
of classes a classifier must discern, and thus tends to improve predictive accuracy.
The top-down approach takes advantage of the hypothesis that a particular characteristic
of the data used to discern between certain classes may differ between branches and
levels of the classifier tree. However, one may also hypothesise that different classifiers
may be more suited to different tree nodes as each type of classifier has its own
inductive bias.

The general top-down approach, as described above, may therefore be improved by
using different classification algorithms at different nodes in the classifier tree, which is
the basic idea of the selective top-down approach proposed in Davies et al. (2007b) and
Secker et al. (2007). In this approach, as each classifier is selected in a data-driven
manner from several candidates, each node should contain the classifier best suited to the
available data. At each node in the classifier tree, the training data for that node is split
into a sub-training and validation set — with data being assigned randomly to each data
subset. A number of different classifiers are then trained using this sub-training data and
tested using the validation set. The classifier yielding the highest classification accuracy
on the validation set is selected. The sub-training and validation sets are then merged to
produce the original training set again, and the selected classifier is then re-trained.

In the current paper, the just-described “selective top-down approach” is re-named to
the “top-down approach with classifier selection”, as this makes it clear what is being
selected and avoids confusion with the major extension proposed here. More precisely,
in this paper we propose a top-down approach with both attribute selection and classifier
selection, as discussed in Section 4.
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3.3 Attribute selection

Attribute or feature selection (Guyon and Elisseeff, 2003; Liu and Motoda, 2008) is
a well-known technique in data mining. It functions by removing attributes from the
dataset leaving only those that correlate highly with the class attribute, thus simplifying
the classification problem. This often leads to a decreased run time, and can also lead to
an increased predictive accuracy, since noisy, irrelevant or otherwise redundant
attributes, which may confuse the classification algorithm, will tend to be removed.

Two broad types of attribute selection methods (applied in a data preprocessing stage)
exist: wrapper and filter methods.

Filter methods undertake attribute selection without using the classification algorithm
that will be applied to the selected attributes. Filter methods typically examine each
attribute independently of all others, determining the level of correlation between the
attribute and the predicted class. Attributes with low correlation are removed.
Filter methods are usually fast, but are limited in that they do not take account of any
interaction between attributes. It is possible that several attributes will combine to allow
more accurate prediction than when assessed individually.

Wrapper methods use the classification algorithm that will be applied to the selected
attributes. Unlike a filter method, a wrapper method selects attributes tailored to the
particular classification algorithm. However, a wrapper method is much slower than
a filter method and it is not practical in the context of this research, since a major
motivation for this work is to reduce the time taken to train classification algorithms in
our large dataset. Therefore, in this work we use filter methods only.

3.4 Related work on attribute selection in hierarchical classification

To the best of our knowledge, there are only two examples of attribute selection being
used in conjunction with a top-down classifier; both are concerned with classification of
text documents, rather than bioinformatics. Koller and Sahami (1999) implemented a
top-down classifier that used an information-theoretic measure to choose attributes that
“best capture the class distribution in the data” at each node. This attribute selection
mechanism was run once at each node in a similar manner to our method. However,
there are major differences between that work and this. Koller and Sahami used the same
classifier at every node, since their method does not select classification algorithms.
Moreover, the number of attributes to be selected at each node was a user-defined
parameter. In Section 5.1 we show that this is seldom an ideal strategy. Furthermore,
the two datasets used for testing their technique were somewhat simple compared to ours.
Both hierarchies contained just 2 levels. Their first dataset contained three classes at the
top (most general) level, each of which subdivided into two classes. Their second dataset
has just two classes at the top level, each of which again divided into two classes.
By contrast, our dataset contains 5, 38 and 87 classes at the first, second and third class
levels, respectively, making the hierarchical classification problem we tackle
considerably more difficult and complex.

Mladenic and Grobelnic (1998) classified documents into a hierarchy using a
top-down approach that utilised a Naive Bayes classifier at each node. They used an
attribute quality measure called “weight of evidence for text”. It seemed this attribute
selection strategy was applied once, at the beginning of the training. The class hierarchy
was thus effectively flattened.
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4 The proposed top-down hierarchical classification system with both
attribute selection and classifier selection

4.1 Choosing an attribute selection method

The WEKA data mining toolkit (Witten and Frank, 2005) was used to undertake
a preliminary study of attribute selection. WEKA provides two kinds of attribute
selection methods: methods that search the solution space and automatically decide both
the best combination of attributes and the number of attributes, and methods that score
each attribute, ranking them in order of importance, which requires the user to specify the
number of attributes.

We used our own GDS dataset, which comprised 8,222 GPCR sequences
(see Section 5), with each protein being represented by 210 attributes, as defined in
Section 2.3. The I-nearest neighbour classifier was used. In these preliminary
experiments classification took place at the top level (GPCR family level) only.
The results of these tests — comparing nine different attribute selection methods — are
shown in Table 2; they were produced from one run of a 10-fold cross validation over the
entire dataset.

Table 2 Preliminary experiments with WEKA to determine the best attribute selection method
Attribute selection method Predictive accuracy (%)  Mean number of selected attributes
CfsSubsetEval 96.2 20.6
ClassifierSubsetEval 13.6 1
ConsistencySubsetEval 92.9 7

ChiSquared 94.0 20
GainRatioAttributeEval 96.0 20
PrincipalComponents 96.5 20
OneRAttributeEval 95.6 20
SymmetricalUncertAttributeEval 95.3 20
InfoGainAttributeEval 933 20

The first three attribute selection methods automatically select the number
of attributes using a best-first search method. The remaining methods rank the attributes,
and the top 20 were selected, where 20 was a user-defined threshold. The need to decide
the number of attributes eliminates most of these attribute selection methods for use in
a top-down hierarchical classification system. It is possible that different nodes will
require different numbers of attributes for optimal performance. Specifying an arbitrary
number of attributes will prevent the algorithm from selecting the best combinations of
attributes in a data driven manner. Of the remaining three, neither ‘ClassifierSubsetEval’
or ‘ConsistencySubsetEval’ could compete with ‘CfsSubsetEval’ in terms of accuracy.
Thus, ‘CfsSubsetEval’” was chosen as the single attribute selection method to be applied
at each node. The CfsSubsetEval method is described in Hall (1998). In essence, this
method evaluates each attribute individually, assigning a higher score to attributes which
are more correlated with the class and less correlated with other attributes.
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4.2 The proposed top-down hierarchical classification system

Naively, an attribute selection method could be run over the training data before
beginning the training of the hierarchical classification system, in order to select a single,
global set of attributes, and only those attributes would be passed to the top-down
classification system with classifier selection. This is not in the spirit of the original
top-down approach with classifier selection, where classification accuracy is maximised
at each node by selecting the classifier with the best predictive accuracy. The proposed
top-down hierarchical classification system with both attribute selection and classifier
selection is therefore more complex, as follows.

Building a tree of classifiers proceeds using the same basic principles as described in
Davies et al. (2007b) and Secker et al. (2007). A tree of classifiers is built up from the
most generic root classifier as before. However, at every node where a classification
must occur (i.e., more than one subclass exists at that point in the tree) the attribute
selection method is used to reduce the dimensionality of the data. The attribute selection
method (CfsSubsetEval) will be shown the training data for that node and then
selects attributes based only on that data. Thus, at each classification node, the set
of attributes best describing the class distribution at that point is first selected,
and a classification algorithm which best uses the newly reduced data is selected.
Different attributes are likely selected at each node. Hence, while a given subset
of attributes may excel at predicting one subset of classes, it may perform poorly
when predicting another.

All attributes are available at each node in the tree, since attributes are not ‘lost’
to child classifier nodes when not selected by CfsSubsetEval at a parent node. In cases
where a class has only one subclass, no attribute selection occurs. A ‘dummy’ classifier is
used to output the name of the subclass, further accelerating the algorithm.

Figure 3 shows the classifier tree before and after training. Each classifier takes the
output of the attribute selection method as input. After training, the most appropriate set
of attributes is recorded for each node. It may be noted that a single attribute selection
method is used throughout the classifier tree. While several attribute selection methods
are available, to attempt to optimise attribute selection and classifier at each classifier
node would result in an unacceptable combinatorial explosion in the number of
possibilities to be tested.

Figure 3 The top down classifier with attribute selection and classifier selection: (a) ready for
training and (b) after training

— Attributes 1-nearest

Attribute o0t 123,197, | neighbour

selector —p Classifier 90,103 —» €

Selector
Attribute A-class Attribute B-class Attributes 1-nearest Attributes Naive
selector —p Classifier selector —p Classifier 1,90 —H neighbour 9,56,12 —» Bayes
Selector Selector
Al A2 B.1 B.2 Al A2 B.1 B2

(@) (b)
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5 Computational results

We compared our novel top-down approach using both attribute selection and classifier
selection with the previous top-down approach proposed by Davies et al. (2007b) and
Secker et al. (2007) using classifier selection only. Each top-down classifier used the
same set of candidate classifiers at each node. These were:

e Naive bayes

e Bayesian Network

e SMO (a support vector machine (Keerthi et al., 2001))

e 1 nearest neighbour (using Euclidean distance)

e PART (arule induction algorithm (Frank and Witten, 1998))

e J48 (an implementation of C4.5)

e Naive Bayes Tree (a decision tree with a naive bayes classifier at each node)

e AIRS2 (a classifier based on the Artificial Immune System paradigm (Watkins and
Timmis, 2002))

e Conjunctive rule learner.

Note that neural networks — used previously in the experiments reported by Davies et al.
(2007b) and Secker et al. (2007) — were not used here, since in our experiments this
algorithm took an unusually long time to train at each classifier node, yet constantly
returned poor classification accuracies. As the accuracy was consistently poor, it was
never selected as a classifier at any node. This phenomenon was observed both in our
experiments and in the experiments reported by Davies et al. (2007b) and Secker et al.
(2007). Therefore, the results reported here remain comparable with those previously
published results.

The dataset is as described in Davies et al. (2007b). It comprises 8,222 GPCR protein
sequences identified using the Entrez search and retrieval system (Wheeler et al., 2007),
which searches protein databases such as SwissProt, PIR, PRF, PDB as well as
translations from annotated coding regions in DNA databases such as GenBank and
RefSeq. All sequences are longer than 280 residues in length and only classes with 10 or
more examples at the 3rd level (most specific) in the hierarchy were retained. This left 87
classes at the most specific level, 38 at the 2nd level and five classes at most general level
(GPCR families A — E). The raw protein sequences in this dataset were converted into
210 numerical attributes using the method described in Section 2.3.

The top-down approach with classifier selection only and the new top-down approach
with both attribute selection and classifier selection were both run ten times, each run
being a separate 10-fold cross validation of the data. The folds were constructed to ensure
that at least one example of every 3rd level class is present in every fold.

The results for predictive accuracy for the two approaches are shown in Table 3.
A statistical significance test of the difference between the two accuracies was computed
using a corrected resampled z-test (2-tailed) as detailed in Witten and Frank (2005).
This test avoids problems encountered when a standard #-test is used over multiple runs
of a cross-validation procedure. The obtained p value was 0.3859, indicating that the
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difference between the two methods is not statistically significant. Hence, the top-down
approach with both attribute selection and classifier selection greatly reduces processing
time — see Section 5.2 — without significantly reducing predictive accuracy.

Table 3 Comparison of predictive accuracies between two top down approaches
Hierarchical classification approach Accuracy (%)
Top down with classifier selection only 70.46
Top down with both attribute selection and classifier selection 69.97

5.1 Investigating selected attributes

The number of attributes selected by the attribute selection method at different nodes
of the hierarchy were analysed. Recall that the raw dataset contains 210 attributes.
Only parent class nodes with more than one subclass (i.e., where a classification actually
needs to take place) are shown. The figures in Table 4 show the mean number of
attributes selected at each class node, where the numbers between brackets are the
standard deviations of the figures.

Table 4 Comparison of the mean number of attributes selected at each node of the
classifier tree

Level Parent class Mean number of attributes
Level 1  Root 19.70 (0.41)
Level 2  ClassA 31.46 (1.31)
ClassC 26.88 (0.36)
ClassB 85.14 (0.98)
Level3  ClassA_Amine 28.04 (0.32)
ClassA_Hormone 23.20 (0.13)
ClassA_Nucleotide 16.82 (0.64)
ClassA_Peptide 44.20 (0.29)
ClassA_Prostanoid 10.04 (0.91)
ClassA_Thyro 13.22 (0.60)
ClassC_CalcSense 32.94 (0.46)

It is clear from Table 4 that the number of attributes selected at different nodes varies
considerably. This corroborates the use of an attribute selection method that
automatically determines the number of selected attributes. Results indicate that while
a threshold of 20 would have been appropriate for the root class node, 20 attributes would
probably not capture the intricacies of the predictor attribute/class attribute relationship
for the node distinguishing between subclasses of ClassB, which required approximately
85 attributes. Conversely, for the ClassA_Prostanoid node, 20 attributes may have been
wasteful.

For the sake of completeness, the actual attributes selected have been recorded and
are shown in the Appendix. These results have been generated using a single run of the
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algorithm. In this case, the entire dataset was used as the training set, so no testing set
is required.

5.2 Investigating selected classifiers

We also analysed the frequency with which each classifier was selected at each node in
the class tree, and compared those frequencies with the number of examples
(data instances) available at each node — in order to determine whether there was a clear
pattern indicating that a certain type of classifier was much more often selected at class
nodes having much smaller or much larger numbers of examples.

Table 5 shows, for each node in the class tree, the frequency with which each type of
classifier was chosen from the menu. As a 10-fold cross validation was run ten times,
the figures along each row sum to 100. Some of the classifier names have been
abbreviated as follows: NB — Naive Bayes, BN — Bayesian Network, NBT — Naive Bayes
Tree, CRL — Conjunctive Rule Learner. This table also contains a label headed ‘#Ex’
which shows the number of examples at the corresponding node. As 10-fold cross
validation is used, the classifier at that node will be trained with 90% of those examples
during each iteration (fold) of the cross-validation procedure. Note that only 11 class
nodes are included in the table as these are the nodes that have more than one sub-class.
The remainder of the nodes in the tree have a single subclass and a classifier is, therefore,
unnecessary at that node. In the table, a cell is left blank when its associated frequency
count is 0, in order to simply the reading of the table.

As shown in Table 5, of particular interest is the observation that the instance-based
learner IBK1 is always selected at the root node and selected in 90% of the cases at the
Class A node, respectively. These are the two class nodes with by far the largest number
of examples, respectively 8,222 and 5,401 examples. In addition, IBK1 was never
selected at the two class nodes with the smallest number of examples, namely Class
A — Thyro and Class A — Prostanoid, with just 69 and 39 examples, respectively.
This clearly suggests that IBK1 performs particularly well, by comparison with the other
classifiers, in larger datasets.

Table 5 Frequency of selection of each classifier at each node of the classifier tree

Class node #Ex NB BN SMO I[BKI PART J48 NBT Airs2 CRL
Root 8222 100

Class A 5401 90 10

Class B 618 4 15 43 38

Class C 2172 3 1 64 30 2

Class A, Amine 1489 1 34 4 13 8

Class A, Hormone 159 34 36 12 9 3 1 5

Class A, Nucleotide 266 45 11 9 19 8 1 7
Class A, Peptide 2703 30 2 68

Class A, Thyro 69 75 21 3 1

ClassA, prostanoid 39 94 6
Class C, CalcSense 588 12 29 10 25 7 2 13 2
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In contrast, Naive Bayes performs particularly well, by comparison with the other
classifiers, in class nodes with very small number of examples. This classifier was
selected in 94% and 75% of the cases in the aforementioned class nodes Class A — Thyro
and Class A — Prostanoid, respectively, which have the smallest number of examples
among all class nodes. In addition, Naive Bayes was never selected in the two class nodes
with the largest number of examples, the root node and the Class A node.

In the case of the ‘medium-sized’ class nodes, there are less strong associations
between classifiers and numbers of examples, but it is worth noting that PART was
selected in 64% and 44% of the cases in two medium-sized or moderately large class
nodes, namely Class C and Class A — Amine, respectively, with 2,172 and 1,489
examples.

5.3 Processing time

As explained earlier, a key motivation for this study was to reduce execution times.
Tests took place on a desktop PC with an Intel Pentium IV processor running at 2.4 Ghz
and 512 MB of RAM. The baseline approach — the top-down approach with classifier
selection only — took on average 307.6 h (standard deviation 0.31) to complete a
10-fold cross validation on the target dataset, with 210 attributes. This can be compared
to the enhanced top-down approach with both attribute selection and classifier selection,
which took, on average, 113.5 hrs (standard deviation 0.48) — including the time for both
attribute selection and classifier selection — on the same dataset. This represents a net
speed increase of approximately 2.7 times compared with the baseline. Even though the
algorithm has the overhead of selecting attributes at each node, the increase in speed is
large on this dataset, while no statistically significant predictive accuracy is lost.

While this appears to be a long time for each run, the majority of the time is taken
with training the proposed top-down approach. Once training is complete, test examples
require only three sequentially executed classifications (one for each level of the tree).
The classification of unknown-class test examples is, therefore, extremely fast.

6 Conclusions

In this paper, the top-down approach with classifier selection proposed by Davies et al.
(2007b) and Secker et al. (2007) was augmented with attribute selection at each node
in the classifier tree. Attribute selection occurs independently at each node in a
data-driven manner, leaving only those attributes that best discriminate classes at that
node. The attribute selection method chosen automatically varies the number of attributes
selected, again in a data-driven manner.

The proposed method of selecting the best attribute subset in a local manner at each
node in the classifier tree avoids two drawbacks that are associated with the approach of
performing attribute selection just once for the entire dataset in a preprocessing step,
as follows. First, the proposed approach will not use, in a given current node of the
classifier tree, attributes that have good predictive power in other nodes of the tree but
have little or no predictive power at the current classifier node. In particular, if the current
node is a relatively deep node, it is quite possible that attributes that have a good
predictive power at ancestors of that node will not have a good predictive power at the
current node, since different classifier nodes have to solve different classification
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problems. The proposed method allows this situation to be easily detected and dealt with
by selecting just the small subset of relevant attributes for the current node. Secondly,
the proposed approach allows the identification and use of attributes that have a good
predictive power at a given deep node in the classifier tree, even though those attributes
might have very little predictive power when evaluated on the whole dataset.

In our experiments the number of attributes selected was highly variable between
classifier nodes, but varied little for the same node over multiple runs of a
cross-validation procedure. Thus, it can be seen that the attribute selection method is
reacting to the varying levels of difficulty of predicting particular classes at different
positions in the class tree. It was found that the addition of this attribute selection stage
made no significant difference to the predictive accuracy of the hierarchical classification
system, yet the processing time was reduced significantly. Such processing time
reduction will tend to be even more important in other larger bioinformatics datasets
where hierarchical classification can be applied; so the proposed technique helps to
address the issue of scalability to larger datasets, an important issue in data mining.

A future direction for the current system would involve using different attribute
selection methods at different nodes in the tree. This raises the issue of the numerous
combinations of attribute selection methods and classifiers. Intuitively, the output of each
different attribute selection method would be somewhat different and different classifiers
would react differently to each different set of selected attributes, which suggests that, in
order to maximise predictive accuracy, the system would have to consider, during
training, every possible pair of attribute selection method and classifier. However, with
numerous attribute selection methods to choose from, the time required for training
would increase many fold. Therefore any potentially marginal gain in predictive accuracy
would need to be offset by a massively increased training time.
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Appendix

The attributes selected for the GPCR dataset in the experiments reported in Section 5 are
displayed below. For each parent class node (i.e., each class for which a classifier was
built to discriminate among its child classes), we list all attributes selected by
CfsSubsetEval at that parent class node.

For attributes created from the composition or transition metrics, the selected
attributes are shown in the form <X, Y, z>, where X can be COMP or TRANS, showing
the attribute has been created using the composition or transition metric respectively; Y
represents the position of the subsequence as denoted in Figure 1; and z is the amino acid
group that was the subject of this attribute. This can either be p (polar), h (hydrophobic)
or n (neutral).

Attributes created by the distribution metric are shown in the form <X, Y, z, n>, where
X, Y and z are as before and n shows the type of distribution used to create this attribute.
This can take the values “first”, for the first occurrence of the group represented by z, or
25,50, 75 or 100%.

Root node (21 selected attributes)

COMP.A.p, COMP.B.p, COMP.C.p, COMP.D.n, COMP.E.p, TRANS.B.h, TRANS.E.n,
TRANS.E.h, DIST.A.pfirst, DIST.A.p.25%, DIST.A.p.50%, DIST.A.n.25%,
DIST.A.h.50%, DIST.E.p.25%, DIST.F.p.50%, DIST.F.p.75%, DIST.F.n.25%,
DIST.H.p.first, DIST.I.n.50%, DIST.J.p.25%, DIST.J.n.50%

Class A (25 selected attributes)

COMP.A.n, COMP.C.p, COMP.C.n, COMP.G.p, COMP.G.n, COMP.H.p, COMP.J.p,
TRANS.E.n, TRANS.F.n, TRANS.J.p, TRANS.J.n, DIST.D.p.25%, DIST.D.p.50%,
DIST.F.h.75%, DIST.G.p.25%, DIST.G.p.50%, DIST.G.p.75%, DIST.H.p.25%,
DIST.H.p.50%, DIST.H.p.75%, DIST.H.p.100%, DIST.H.n.25%, DIST.H.n.50%,
DIST.J.p.50%, DIST.J.p.100%
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Class B (84 selected attributes)

COMP.A.p, COMP.A.h, COMP.B.n, COMP.B.h, COMP.C.p, COMP.D.p, COMP.F.n,
COMP.G.h, COMP.L.p, COMP.L.Lh, COMP.J.p, COMP.J.n, COMP.J.h, TRANS.A.p,

TRANS.A.n, TRANS.A.h, TRANS.B.p, TRANS.B.n, TRANS.B.h, TRANS.C.p,
TRANS.C.n, TRANS.C.h, TRANS.D.p, TRANS.D.h, TRANS.E.n, TRANS.E.h,
TRANS.F.n, TRANS.G.p, TRANS..n, TRANS.Lh, TRANS.J.p, TRANS.n,
DIST.A.p.25%, DIST.A.p.50%, DIST.A.n.25%, DIST.A.n.50%, DIST.A.n.75%,
DIST.A.h.25%, DIST.B.p.50%, DIST.B.n.25%, DIST.B.n.75%, DIST.B.h.50%,
DIST.C.p.75%, DIST.C.h.25%, DIST.D.p.50%, DIST.D.p.75%, DIST.D.n.25%,
DIST.D.n.50%, DIST.D.n.75%, DIST.D.h.25%, DIST.D.h.75%, DIST.E.pfirst,
DIST.E.p.50%, DIST.E.n.50%, DIST.E.n.75%, DIST.F.p.75%, DIST.F.p.100%,
DIST.F.n.25%, DIST.F.n.50%, DIST.F.n.75%, DIST.F.h.50%, DIST.F.h.75%,
DIST.G.n.50%, DIST.G.n.75%, DIST.G.h.50%, DIST.G.h.75%, DIST.G.h.100%,
DIST.H.p.75%, DIST.H.n.50%, DIST.H.h.25%, DIST.H.h.75%, DIST.L.p.25%,
DIST.Lp.75%, DIST.ILn.75%, DIST.Lh.50%, DIST.Lh.75%, DIST.I.Lh.100%,
DIST.J.p.25%, DIST.J.p.100%, DIST.J.n.25%, DIST.J.n.50%, DIST.J.h.25%,

DIST.J.h.50%, DIST.J.h.75%

Class C (24 selected attributes)

COMP.A.p, COMP.A.n, COMP.B.p, COMP.D.p, COMP.D.n, COMP.E.p, COMP.H.p,
COMP.H.h, COMP.L.p, COMP.I.n, COMP.J.p, TRANS.A.n, TRANS.B.n, TRANS.G.n,
TRANS.H.n, TRANS.ILp, DIST.B.n.75%, DIST.C.h.75%, DIST.E.p.first, DIST.F.p.75%,
DIST.G.p.50%, DIST.G.n.50%, DIST.G.n.75%, DIST.L.p.100%

Class A_Amine (28 selected attributes)

COMP.A.n, COMP.B.n, COMP.C.p, COMP.D.n, COMP.F.p, COMP.F.n, COMP.G.p,

COMP.L.p, COMP.L.n, COMP.J.p, TRANS.J.n, DIST.A.n.first, DIST.B.n.50%,
DIST.D.n.50%, DIST.E.p.50%, DIST.E.n.25%, DIST.E.n.50%, DIST.F.p.25%,
DIST.G.p.first, DIST.G.n.75%, DIST.H.n.25%, DIST.H.n.75%, DIST.H.h.75%,

DIST.H.h.100%, DIST.I.p.100%, DIST.Ln.first, DIST.I.n.100%, DIST.J.p.25%

Class A_Hormone (22 selected attributes)

COMP.B.h,
TRANS.D.n,
DIST.E.p.first,
DIST.H.h.50%,
DIST.J.h.100%

COMP.E.p,

TRANS.E.h,

DIST.G.p.50%,
DIST.Lp.first,

COMP.G.n,

DIST.A.p.first,
DIST.G.p.75%,
DIST.I.n.50%,

COMP.H.n,

DIST.A.p.50%,
DIST.G.h.25%,
DIST.L.n.100%,

TRANS.A.n, TRANS.A,
DIST.D.p.100%,
DIST.H.n.75%,
DIST.J.h.75%,
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Class A_Nucleotide (18 selected attributes)

COMP.Ap, COMP.An, COMPF.p, TRANS.Ap, TRANS.B.h, TRANS.Lp,
DIST.An.75%, DIST.Ah.75%, DIST.B.p.25%, DIST.B.n.25%, DIST.C.p.75%,
DIST.F.p.25%, DIST.G.p.first, DIST.G.p.75%, DIST.H.n.50%, DIST.H.n.75%,
DIST.I.p.25%, DIST.I.n.50%

Class A_Peptide (39 selected attributes)

COMP.A.h, COMP.D.p, COMP.D.n, COMP.F.p, COMP.F.n, COMP.F.h, COMP.G.n,
COMP.Hn, COMP.ILp, COMP.In, COMP.Lh, COMP.J.p, COMP.J.n, COMP.].h,
TRANS.C.n, TRANS.G.n, TRANS.J.n, DIST.A.p.25%, DIST.C.p.75%, DIST.C.n.75%,
DIST.D.p.100%, DIST.D.n.first, DIST.D.n.100%, DIST.D.h.75%, DIST.D.h.100%,
DIST.En.first, DIST.E.n.50%, DIST.F.p.50%, DIST.H.p.75%, DIST.H.n.75%,
DIST.Lp.first, DIST.L.p.75%, DIST.I.p.100%, DIST.I.n.25%, DIST.I.n.100%,
DIST.J.p.25%, DIST.J.n.50%, DIST.J.h.50%, DIST.J.h.100%

Class A_Prostanoid (9 selected attributes)

TRANS.E.n, DIST.D.p.50%, DIST.D.h.25%, DIST.F.h.75%, DIST.H.p.75%,
DIST.1.h.75%, DIST.J.n.25%, DIST.J.h.25%, DIST.J.h.100%

Class A_Thyro (15 selected attributes)

COMP.A.n, COMP.Lp, TRANS.B.h, TRANS.E.n, TRANS.F.n, DIST.A.p.75%,
DIST.B.h.50%, DIST.C.n.75%, DIST.E.p.75%, DIST.G.n.25%, DIST.G.h.25%,
DIST.H.p.75%, DIST.H.n.50%, DIST.J.n.25%, DIST.J.h.50%

Class C_CalcSense (29 selected attributes)

COMP.A.n, COMP.D.h, COMP.E.p, COMP.F.n, COMP.H.h, COMP.L.p, COMP.L.n,
TRANS.F.h, DIST.A.p.first, DIST.A.n.first, DIST.A.n.75%,  DIST.B.p.first,
DIST.C.n.25%, DIST.C.n.100%, DIST.D.p.first, DIST.D.n.75%, DIST.D.h.100%,
DIST.F.h.75%, DIST.G.p.25%, DIST.G.p.50%, DIST.G.h.first, DIST.G.h.75%,
DIST.H.p.50%, DIST.H.p.75%, DIST.H.n.75%, DIST.H.h.75%, DIST.L.h.50%,
DIST.J.n.100%, DIST.J.h.100%

Note

'There is a slight change in the data between the data used for ‘Means of Z-values’ and that used in
this investigation and ‘Means of Z-values with termini’. We found that, in the data used in the
former, two duplicate classes exist at the third level. These were removed, reducing the number of
classes from 89 to 87.



