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Abstract

Ageing is a complex process characterised by a continuous decline in the function of
an organism that occurs with increasing age. The study of genes that regulates ageing
could lead to the creation of new medicines and treatments to increase the lifespan of an
organism. In this thesis, we focus on studying new methods to improve the performance
of classifying ageing-related genes.

In this work, genes are described in terms of Gene Ontology (GO) features and
Protein-Protein Interaction (PPI) features. Gene Ontology features are hierarchically
organised. A hierarchical feature space is formed by binary features that are related
via generalisation-specialisation relationships. Although there are many methods for the
traditional feature selection problem, methods which properly consider hierarchical struc-
tures are still very underexplored. So, we propose two novel methods to cope with this
problem: (i) a lazy method based on the hypothesis that positive feature values provide
more meaningful and accurate information, named Select Relevant Positive Feature Val-
ues (RPV); and (ii) an evolutionary approach, named Genetic Algorithm for Hierarchical
Feature Spaces (GA-HFS), applying two novel biased mutation operators tailored to deal
with redundant features in hierarchical feature spaces.

The use of PPI features for classification is not straightforward since its values are
uncertain, i.e., such values are numeric scores representing the likelihood of interaction
between proteins. To address this problem, this work explores a new probabilistic Jaccard
distance measure to handle uncertain features, which can be used within the nearest
neighbour classifier. Additionally, we propose a novel Lazy Feature Selection Method for
Uncertain Features (LFSUF), which deals with the uncertainty in features.

We empirically show that appropriately exploring the hierarchical and uncertain fea-
tures can improve the predictive performance for the classification of ageing-related genes.

Keywords: Classification, Biology of Ageing, Feature Selection, Hierarchical Feature
Spaces, Uncertain Feature Spaces



Resumo

O envelhecimento é um processo biolégico complexo e pode ser caracterizado por um
declinio continuo das fungoes de um organismo que ocorre com o aumento da idade. O es-
tudo de genes que regulam o envelhecimento pode levar a criagao de novos medicamentos e
tratamentos para aumentar a expectativa de vida de um organismo. Nesta tese, focaremos
no estudo de novos métodos capazes de aumentar a capacidade preditiva de classificadores
para identificar genes relacionados com o envelhecimento.

Neste trabalho, genes sdo descritos através de atributos da Gene Ontology (GO) e
atributos que representam interagoes entre proteinas, chamados atributos PPI (Protein-
Protein Interactions).  Atributos da Gene Ontology sao organizados hierarquicamente.
Um espaco de atributos hierarquico é formado por atributos bindrios que possuem relagoes
de generalizacio-especializacdo. Embora exista uma grande variedade de métodos para
a selecao de atributos tradicional, métodos que consideram a estrutura hierarquica sao
pouco explorados. Portanto, sao propostos dois métodos de selecao de atributos para
explorar espagos de atributos hierarquicos: (i) um método lazy baseado na hipétese de que
atributos positivos sdo mais relevantes e informativos para a classificacao, chamado Select
Relevant Positive Feature Values (RPV); e (ii) um método evolucionario chamado Genetic
Algorithm for Hierarchical Feature Spaces (GA-HFS) que aplica dois novos operadores de
mutacao enviesada, especificamente desenvolvidos para tratar o problema dos atributos
redundantes em espagos de atributos hierarquicos.

O uso the atributos PPI para classificagao nao é trivial, pois seus valores sao incertos,
i.e., tais valores sdo escores numdéricos que representam a probabilidade de duas proteinas
interagirem. Para solucionar este problema, este trabalho explora uma nova medida de
distancia chamada Probabilistic Jaccard para lidar com as caracteristicas incertas dos
atributos, e que pode ser utilizada com o algoritmo de classificacao baseado nos vizinhos
mais proximos. Adicionalmente, é proposto um novo método de selegdo de atributos
chamado Lazy Feature Selection Method for Uncertain Features (LFSUF), capaz de lidar
com a incerteza dos atributos.

Mostramos empiricamente que explorar apropriadamente as caracteristicas hierarquicas
e incertas de atributos pode melhorar a capacidade preditiva de classificadores que iden-
tificam genes relacionados ao envelhecimento.

Keywords: Classificacao, Biologia do Envelhecimento, Selecao de Atributos, Espacos de
Atributos Hierdrquicos, Espacos de Atributos Incertos.
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Chapter 1

Introduction

The classification task of machine learning is one of the most relevant types of supervised
learning in the knowledge discovery scenario [15, 50]. A previously trained classification
model automatically assigns a class label to an instance, based on the values of its features.
The classification problem can be defined as follows. Tet X = {X,..., X4} be a set of
d predictive features and L = {ly,...,1,} be a set of ¢ class labels, where ¢ > 2. Let
D = {(z1,%1), (z2,92). ..., (zn,yn)} be a dataset with N instances, where, for the i-th
instance, z; corresponds to a vector (z;1, T2, - . . , Ziq), which stores values for the d features
in X and each y; € L corresponds to a single target class. The goal of the classification
task is to learn a classifier from D that, given an unlabelled instance ¢t = (x,7), predicts

its class label y.

Ageing is a complex process characterized by a continuous decline in the function of an
organism that occurs with increasing age, ultimately leading to death [20, 22, 32]. Even for
related species, the speed at which such functional deterioration happens differs to some
extent [20]. Although ageing research has advanced significantly in the last decades, it is
still unclear which biological mechanisms contribute to the ageing process, even though

genetic factors clearly make a major contribution to it [49].

Experiments in model organisms have identified several hundred genes that influence
the ageing process (speeding it up or slowing it down) [37]. The discovery of such genes
in model organisms may lead to the identification of homologous genes in humans, which
could lead to pharmacological interventions to treat ageing. Hence, in this thesis, we are
particularly interested in a problem from the biology of ageing, which is to automatically
classify ageing-related genes into two different classes: Pro-longevity and Anti-longevity
genes. Pro-longevity genes are those genes whose decreased expression reduces lifespan

and/or those whose over-expression extends lifespan [44, 48]. Conversely, anti-longevity
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genes are those genes whose decreased expression extends lifespan and/or those whose

over-expression decreases it.

This thesis focus on improving predictive models for ageing-related genes. So, we
provide a brief overview of biological concepts to a better understanding of the biological
roles of genes and proteins in an organism. Let’s start with the definition of organism. An
organism is any individual entity that propagates the properties of life. In other words,
an organism is any kind of living individual [2]. Some examples of organisms are: viruses,
bacteria and worms. Some of these organisms have been widely studied, usually due to
a particular experimental advantage (e.g., casy to maintain and breed in a laboratory
setting)[12]. Model organisms are non-human organisms that are used in the laboratory
to help scientists understand biological processes, serving as a proxy for understanding
the biology of humans [12]. In this thesis, we employ four types of model organisms:
Caenorhabditis elegans (worm), Drosophila melanogaster (fly), Mus musculus (mouse)
and Saccharomyces cerevisiae (yeast). These are the most used model organisms since they
are very well studied and have many proteins correlated with human proteins. Proteins are
large, complex molecules that play many critical roles in the organism. They do most of
the work in cells and are required for the structure, function, and regulation of the body’s
tissues and organs [2]. On the other hand, genes are molecular structures that contain
information needed to make functional proteins. In other words, the genetic material of
a gene can be seen as a recipe to the construction of a protein. The process of building
a protein from a gene is not simple, and is tightly controlled within each cell [40]. This
process is called gene expression, which is the main characteristic to define the classes
used in this thesis. Note that, since one gene is closely linked with a single protein, in

this thesis, the words gene and protein are interchangeable.

One particular problem of building datasets to the classification that relies on genes
(and proteins) as input features is that gene’s data (features) can be extracted from a
large variety of sources. It is common to have more than one database collecting data
for the same gene’s characteristic. Among the most commonly used data are the Gene
Ontology (GO) dataset [3], the Kyoto Encyclopedia of Genes and Genomes (KEGG)
Pathways [21], Motif-based features [9] and Protein-Protein Interaction information [6].
Throughout this thesis, and in the literature as well, the task of predicting the class of
ageing-related genes is mainly carried out using data derived from the Gene Ontology
(GO) database [5, 10, 45, 46, 47, 48]. GO features are organized into an hierarchical
structure (or a Hierarchical Feature Space). Each instance represents a gene, which may

be associated with terms derived from an ontology of biological processes or functions.
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Hence, a general feature (e.g., biological process) would be the ancestor of more specific

features (e.g., reproduction, metabolic process and biological regulation).

In hierarchical feature spaces (e.g., GO features hierarchy), each instance in the
dataset can be described as a binary feature vector, such that each feature takes ei-
ther a positive or a negative value. Also, the binary features are linked via generalization-
specialization relationships. In any given instance, a feature value is deemed positive (neg-
ative) when the property associated with the feature has been (has not been) observed
for that instance. In a generalization-specialization hierarchy, also known as “IS-A” hier-
archy, for any given instance ¢, if a feature « has positive value in ¢, denoted (2 = 1), then
all ancestors of x in the feature hierarchy also have positive value in ¢t. In contrast, if a
feature = has negative value in ¢, denoted (x = 0), then all descendants of x in the feature
hierarchy also have negative value in t. Note that this type of hierarchical feature spaces
are also sparse, i.e., in general, the instances contain much fewer positive than negative

feature values.

There are other characteristics of genes (or proteins) that could be useful to the clas-
sification of ageing-related genes. So, in the second part of this thesis, we build predictive
models using not only GO term features, but also Protein-Protein Interaction (PPI) fea-
tures [6], a widely used characteristic of proteins that could potentially help understanding
those proteins linked with ageing [11, 36]. In a PPI dataset, each PPI indicates whether
or not a protein (instance or object to be classified) interacts with another protein. As
PPI information is an important indicator of gene functions, the use of PPI features
may improve the classifier’s predictive accuracy. Also, as no protein works in isolation,
the analysis of highly predictive PPI features could improve the interpretability of the

classification model, leading to a better understanding of the ageing problem in general.

However, the use of PPI features for classification is not straight-forward. First, the
values of PPI features are uncertain, i.e., such values are numeric scores representing the
likelihood of interaction of two proteins (e.g., protein-A interacts with protein-B in 90% of
the documented cases). Second, among the vast number of possible protein interactions,
few interactions are realised, leading to a high feature sparsity and dimensionality. Note
that the addition of PPI features brings a major challenge: the selection of the subset of

protein interactions that are most suitable to perform an accurate prediction.

In both GO and PPI datasets, data usually have a large number of features, many
of which are not important for predicting the correct class. Some features can be redun-

dant (highly correlated with each other) or irrelevant for predicting the class variable,
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decreasing the classifier’s predictive accuracy, making the learning process slower, and

reducing the comprehensibility of the results.

Feature selection methods have been successfully employed to cope with these prob-
lems. They aim at selecting a reduced subset of features to predict the target class, yet
increasing the predictive accuracy of the classifier [25, 26]. In other words, feature selec-
tion can be defined as finding a feature subset I' C X, such that the predictive model
trained on F' (h(F)) has a higher predictive accuracy than the predictive model trained
on X (h(X)). It is a challenging problem because the number of candidate feature subsets
grows exponentially with the number of features. More precisely, the number of candidate

feature subsets is 2¢ — 1, where d is the number of features.

Feature selection methods can be categorized into embedded, wrapper and filter meth-
ods [25, 26]. Embedded methods are incorporated into the classification algorithm, select-
ing features during the construction of a classification model. Wrapper and filter methods
are instead used in a data pre-processing step. Wrapper methods measure the relevance
of a feature subset by evaluating the predictive accuracy of a classifier built using that
subset. Hence, they select features tailored to the target classification algorithm, but
they tend to be very time-consuming. By contrast, filter methods generically evaluate
the predictive power of features, by using a relevance measure that is independent of the
target classification algorithm. Filter methods tend to be much faster and more scalable

than wrapper methods.

Feature selection methods (as well as classification methods) can also be categorized as
eager or lazy. Eager methods select a subset of features based on the training instances.
Then, a model trained with the selected features is used to predict the class of any
test instance. By contrast, lazy methods select a feature subset tailored for each test
instance [1, 35|, by observing the feature values (but not the class, of course) in that
test instance. Consequently, lazy learning methods use one classification model for each

testing instance, while eager methods build a single classifier for all testing instances.

Note, however, that although many methods address the feature selection problem [13,
24,25, 26, 27, 35|, only few of them explore the hierarchical or the uncertain information in
order to improve their effectiveness [39, 45, 46, 48|. Existing hierarchical feature selection
methods usually find a suitable subset of features by keeping those features with higher
values of relevance and removing redundancy among hierarchically related features. On
the other hand, to the best of our knowledge, there is no available uncertain feature

selection method capable of exploring the type of uncertain features used in this thesis.
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The main goal of this thesis is to present novel feature selection methods for improving
the predictive performance of models for classifying ageing-related genes into two classes:

Pro-/Anti- Longevity Genes.

We propose the following approaches to achieve this goal: (i) the introduction of
novel feature selection methods capable of coping with the hierarchical structure present
in the Gene Ontology datasets. These hierarchical feature selection methods are specially
designed for being capable of exploring the information contained in the hierarchy of
features. In this thesis, two novel hierarchical feature selection methods are proposed: a
lazy learning method called Select Relevant Positive Feature Values (RPV) and an eager
wrapper approach based on Genetic Algorithms called Genetic Algorithm for Hierarchical
Feature Selection (GA-HF'S). (ii) the proposal of a lazy feature selection method called
Lazy Feature Selection for Uncertain Features (LFSUF) specially designed to cope with
datasets with uncertain features; and (iii) a new probabilistic Jaccard distance measure

to handle uncertain features, which can be used within the nearest neighbour classifier.

This thesis is composed of a collection of four research articles and this complemen-
tary text linking their content. This text provides a thorough overview of this thesis’
objectives and contributions, whereas each research article provides the details about one
contribution, its experimental evaluation and conclusions. Research articles are provided

as Appendix of this text. The following articles are part of this thesis:

1. da Silva, P.N., Plastino, A., Freitas, A.A. “Prioritizing Positive Feature Values: a
New Hierarchical Feature Selection Method” - Submitted to Applied Intelligence.

2. da Silva, P.N., Plastino, A., Freitas, A.A. “A Novel Genetic Algorithm for Feature
Selection in Hierarchical Feature Spaces”. In Proc. of the 2018 SIAM International
Conference on Data Mining (SDM) (2018), pages 738-746. SIAM.

3. Martire, 1., da Silva, P.IN., Plastino, A., Fabris, F., Freitas, A.A. “A Novel Proba-
bilistic Jaccard Distance Measure for Classification of Sparse and Uncertain Data”.
In Proc. of Symposium on Knowledge Discovery, Mining and Learning (KDMiLe)
(2017), pages 81-88.

4. da Silva, P.N., Plastino, A., Fabris, F., Freitas, A.A. “A Novel Feature Selection
Method for Uncertain Features: An Application to the Prediction of Pro-/Anti-
Longevity Genes” - Submitted to IEEE/ACM Transactions on Computational Bi-

ology and Bioinformatics.
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The first article presents the proposal of a lazy feature selection method for hierarchical
datasets that prioritizes, for each instance being classified, the selection of positive features
rather than negative features. We also propose a new relevance measure to evaluate
the predictive importance of a feature given its value on the instance being predicted.
Currently, this paper is going through the second round of reviews in the journal Applied

Intelligence.

The second article introduces a novel feature selection method based on a genetic
algorithm search that follows the wrapper paradigm. It introduces two new mutation
operators for genetic algorithms that are capable of handling the hierarchical structure of
the GO datasets by removing hierarchical correlation among features and consequently
improving the predictive performance of the classification task. This work was published
in the conference STAM SDM 2018.

The third article presents a new distance measure capable of exploring the uncertain
values in the PPI features. It was designed to work with the nearest neighbour classifier.
This work was done in collaboration with Igor Martire while I serving as his undergraduate

dissertation’s co-advisor, and it was published in the conference KDMil.e 2017.

The fourth article introduces a novel feature selection method able to cope with
datasets with uncertain features, like those present in PPI features. We also demon-
strate that using PPI and GO features together can increase the predictive performance
of the problem of classifying genes into Pro-Longevity and Anti-Longevity. This article
is currently under review in the IEEE/ACM Transactions on Computational Biology and

Bioinformatics.

The remainder of this thesis is organised as follows. In Chapter 2, we present a
brief overview of articles 1 and 2. So, we introduce the concept of hierarchical feature
spaces, and the Gene Ontology (GO) features used in this thesis, discuss the related work
and give a brief overview of this thesis’ contributions in the area of feature selection for
hierarchical feature spaces. In Chapter 3, we present a brief overview of articles 3 and
4. In other words, we describe the concept of uncertain feature spaces and the Protein-
Protein Interaction (PPI) features used in this thesis, discuss the relevant related work
and give a brief overview of contributions for uncertain feature spaces. In Chapter 4, we
present results of comparisons among the proposed methods. It was done to understand
which of the proposed methods has the best performance overall. The content of Chapter
4 is new and is not present in any other research article. Lastly, conclusions and future

work are present in Chapter 5.



Chapter 2

Feature Selection for Hierarchical Fea-
ture Spaces

The main objective of this chapter is to introduce the feature selection methods proposed
in this thesis, capable of exploring the structure present in hierarchical feature spaces. This
chapter is organised as follows. First, in Section 2.1, we define the hierarchical feature
space and introduce the Gene Ontology (GO) datasets. Section 2.2 presents the related
work. Lastly, Scction 2.3 describes the contributions of this thesis to the classification of

ageing-related genes by using novel hierarchical feature selection methods.

2.1 Hierarchical Feature Spaces

When the feature set X in a dataset D is hierarchically structured, we call it a hierarchical
feature space. This can be represented as a Direct Acyclic Graph (DAG). In this DAG, a
vertex (node) represents a feature, and an edge represents a generalization-specialization
relationship between features. In this sense, an edge (X, — X;) indicates that X, is a
parent (immediate ancestor) of X; and Xj is a child (immediate descendant) of X,. More
generally, a feature X, is an ancestor of a different feature Xy if and only if there is a
sequence of edges leading from X. to X, in the feature DAG, consequently, we say that
Xy is a descendant of X.. The root nodes are the most general features, while the leaf
nodes are the most specific ones. In generalization-specialization hierarchies (also known
as “IS-A’ hierarchy’), for any give instance t, if a feature = has positive value in ¢ (i.e.,
x = 1), then all ancestors of x in the hierarchy also have positive values in ¢. In contrast,
if a feature x has negative value in ¢ (i.e., z = 0), then all descendants of x in the feature

hierarchy also have negative value in {. Note that this structure produces a hierarchical
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redundancy among features, since a specific feature value logically implies the values of all
its ancestors or descendants: all ancestors of positive-valued features have positive values

and all descendants of negative-valued features have negative values.

In this thesis, we describe genes (proteins) as gene ontology features extracted from the
Gene Ontology (GO) dataset [3], an example of hierarchical feature space. GO annotates
genes using terms from an expert-defined ontology. These annotations are from three
different types: (i) Molecular Function (MF), which describes the molecular activities of
individual genes; (ii) Cellular Component (CC), which contains information about where
the gene products are active; and (iii) Biological Process (BP), containing the pathways

and more general processes to which that gene product’s activity contributes.

Figure 2.1 shows a sample of feature DAG extracted from the Gene Ontology dataset.
We can use this figure to illustrate the concepts previously presented. For example,
feature GO:0008150 (biological process) is the root of the DAG; GO:0019954 (asexual
reproduction) is one child node of GO:0000003 (reproduction); and GO:0032501 (mul-
ticellular organism process) is the parent of both GO:0032504 (multicellular organism
reproduction) and GO:0003008 (system process). Also, we can check node’s ancestors in
the same figure. For instance, if the feature node GO:0003008 is annotated (i.e., it has
a positive value for a given instance), obligatorily nodes G0O:0032501 and GO:0008150
will also be annotated with positive values. Similarly, if feature node GO:0000003 is not
annotated (i.e., it has a negative value for a given instance), its decedents will also have

negative values.

GO:0008150
biological process

gt | Ty

GO:0000003 GO:0032501 CO:I)I]GISMT
multicellular biological
reproduction : =
organism process regulation
Sy GO:0050789
mull:wlll.ulm regulation of
Sfpsmam bilogical process
reproduction
Y h 4 l
GO:0002682
GO:0019954
s GO:0003008 regulation of
ascxial /slem process » gysle
eprdition syslem process immune system
Brocess

Figure 2.1: Example of hierarchical dataset from the Gene Ontology hierarchy DAG.
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In the datasets explored in this work, each instance represents a gene, and each gene
is associated with terms derived from the Gene Ontology. We built 28 datasets of ageing-
related genes, involving the effect of genes on an organism’s longevity. These datasets were
built by integrating data from the Human Ageing Genomic Resources (HAGR) GenAge
database (version: Build 17) [30] and the Gene Ontology (GO) database (version: 2015-
10-10) [3]. HAGR is a database with information about ageing-related genes in four
model organisms: C. elegans (worm), D. melanogaster (fly), M. musculus (mouse) and
S. cerevisiae (yeast). The GO database provides three ontology types: biological process
(BP), molecular function (MF) and cellular component (CC). So, for each of the 4 model
organisms, we built 7 datasets, with 7 combinations of feature types (feature hierarchies),
denoted: BP, CC, MF, BP.CC, BP.MF, CC.MF and BP.CC.MF. Hence, each dataset
contains instances (genes) from a single model organism. Each instance is formed by a set
of binary features indicating whether or not the gene is annotated with each GO term in
the GO hierarchy and a binary class variable indicating if the instance is either positive
(pro-longevity gene) or negative (anti-longevity gene) according to the HAGR database.
A full description of the datasets can be found in Section 5.1 of the article “Prioritizing

Positive Feature Values: a New Hierarchical Feature Selection Method”.

2.2 Related Work

Traditional (non-hierarchical) feature selection methods can be employed in hierarchical
feature spaces by ignoring the hierarchical relationships among features. For instance, the
non-hierarchical eager Correlation-based Feature Selection (CFS) method selects a subset
of features that are weakly correlated with each other (little redundancy) and highly
correlated with the class variable [13]. Another example of traditional feature selection
is the eager ReliefF method which estimates the quality of attributes according to how
well their values distinguish among instances that are near to each other [24]. However,
using hierarchical methods on hierarchical feature spaces may avoid, more effectively, the

selection of hierarchically redundant features.

Hierarchical feature selection methods are a special case of feature selection methods
that exploit characteristics of the feature DAG to improve the predictive accuracy. This

is typically done by removing hierarchically redundant features [39, 48].

SHSEL [39] is a hierarchical feature selection method that performs eager learning.

SHSEL assumecs that, if two features arc dircetly hicrarchically related (onc is a parent
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of the other), they are usually highly correlated and tend to be similarly relevant for
building the classification model. Hence, for each pair of directly hierarchically related
features, SHSEL removes the most specific feature (in the hierarchy) if the correlation
between them is higher than a user-specific threshold. After that, using only the remaining
features, it keeps for each path in the hierarchy the features whose relevance is higher than
the average relevance of features in that path. Moreover, the Greedy Top-Down search
strategy (GTD) [29] is an eager method that selects the features with the highest relevance
value in each path from each leaf to the root node in the hierarchy. Likewise, an eager
learning hierarchical method called Tree-based feature Selection (TSEL) [19] has been

used in the special case of tree-structured features.

Some hierarchical methods proposed in the literature are based on the lazy learn-
ing paradigm, such as the Select Hierarchical Information-Preserving Features (HIP)
method [48], the Select Most Relevant Features (MR) method [48], and the hybrid HIP-
MR method [45, 48]. Since the hybrid HIP-MR obtained worse results than its base
methods HIP and MR in [45, 48], it is no longer considered. Next, we briefly describe
HIP and MR.

The HIP method eliminates hierarchical redundancy by selecting only the core features
in the current test instance — i.e., features whose values are non-redundant since they
cannot be inferred from the values of other features. In other words, HIP selects the
subset of the most specific positive-valued features (which imply their ancestors) and the
most general negative-valued features (which imply their descendants). The values of the
features selected by HIP for an instance imply the values of all other features for that
instance, so it ensures that hierarchical redundancy is completely eliminated. However,

HIP does not take into account the relevance of the selected features.

In a similar vein, the MR method not only eliminates hierarchical redundancy but
also selects features with higher relevance. For each feature in the DAG, MR considers
all paths between the feature and the root (for positive feature values) or between the
feature and the leaves (for negative values). Then, the most relevant feature in each path
is kept. However, unlike HIP, in general, MR does not select all core features, i.e., it

removes some hierarchically non-redundant features.

It is worth noting that there is some work being done to cope with the problem of
feature selection for hierarchical feature spaces. However, we could identify some unex-
plored characteristics of hierarchical features that can improve the performance of such

methods. For example, none of these methods makes a distinction between positive and
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negative feature values, which could lead to better algorithms since positive values are
much more informative and scarce. Also, there is no intelligent heuristic search being

applied to the selection of hierarchical features.

2.3 Contributions

In this section, we briefly describe the contributions and outline the main results of the
lazy feature selection method Select Relevant Positive Feature Values (RPV) and the
Genetic Algorithm for Hierarchical Feature Selection (GA-HFS)[5] which employs biased
hierarchical mutation operators. The first method is described in the article “Prioritizing
Positive Feature Values: a New Hierarchical Feature Selection Method” submitted to the
journal Applied Intelligence, the full text is available in Appendix A and a summary of
this contribution is provided in Section 2.3.1. The second method is described in article
“A novel genetic algorithm for feature selection in hierarchical feature spaces” published in
the STAM International Conference on Data Mining (SIAM SDM), available in Appendix
B. A summary of the second contribution is provided in Section 2.3.2. All datasets and
code used in these contributions are available at https://github.com/pablonsilva/

thesis_resources.

2.3.1 Prioritizing Positive Feature Values: a New Hierarchical
Feature Selection Method

The Select Relevant Positive Feature Values (RPV) method, the first contribution of this
thesis, is a novel lazy feature selection method that explores a singular characteristic: in
many hierarchical and sparse datasets, a positive feature value is almost always much
more informative than a negative feature value. This characteristic can be well illustrated
on ageing datasets where instances represent a Pro-/Anti-longevity class and features
represent hierarchically related gene functions. In this type of bioinformatics dataset, a
positive feature value is clearly informative, because the assignment of positive feature
values to instances is based on the results of biological experiments confirming that certain
function(s) has(ve) been observed for a given gene. However, a negative feature value is
less informative and harder to interpret, because in general it just means the corresponding
gene function “has not been observed yet”, i.e., it is possible that no experiment has been
performed yet to determine whether or not the gene has the function represented by a

given feature, since biological experiments are very time consuming and costly. That is,
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a negative value is best interpreted as “lack of evidence of a gene function”, rather than

“evidence that the gene does not have that function”.

Hence, discovered patterns including positive feature values (which are less common
in typically sparse bioinformatics datasets) are more meaningful to biologist users and
may be more accurate than patterns including mainly negative feature values. Neverthe-
less, none of the previously proposed feature selection methods for hierarchical and sparse
spaces has yet explored this remarkable peculiarity of positive feature values. Hence, we
hypothesize that prioritizing positive feature values might increase the predictive accu-
racy of a classifier. This contribution can be divided into two parts, described as follows:
Firstly, we propose a novel lazy feature selection method for hierarchical and sparse fea-
ture spaces which relies on the higher relevance of features with positive values for the
classification task. The basic idea of this method is to select, for each test instance, a
subset of the most specific positive features in the hierarchy as well as its relevant ances-
tors. Secondly, we introduce a new lazy version of a relevance measure that evaluates the

predictive relevance of a feature value for the current test instance.

Our method, named Select Relevant Positive Feature Values (RPV), has some inter-
esting properties: (i) it selects rare but informative and relevant positive features; (ii)
it selects smaller feature subsets; and (iii) it is based on a new lazy feature relevance
measure (LazyR) which assesses the predictive power of a feature value specifically in the

current test instance being classified.

The computational experiments involved 33 datasets (28 datasets using GO features
and 5 datasets from other domains, mainly text classification). We compare our proposed
method against the traditional ReliefF and CFS feature selection methods, and against
HIP, MR and SHSEL. Also, we compared the proposed relevance measure (LazyR) to
the widely used Information Gain [4] and R [41, 45| measures. Experiments were carried
out using two different classification algorithms (Naive Bayes and 1-NN) and two differ-
ent predictive accuracy measures (AUCPR and the Geometric Mean of Sensitivity and
Specificity). The results of these experiments have shown that the proposed RPV method
obtained in general the best predictive accuracy across those four classification scenarios.
More precisely, a statistical significance test was used to compare RPV against each of 10
other feature selection approaches, in each of the above four classification scenarios; and
the results of that test have shown that RPV obtained predictive accuracy statistically
significantly better than another feature selection approach in 28 out of the 40 cases. In

addition, in none of those cases, RPV’s predictive accuracy was significantly worse than
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the accuracy of any other feature selection approach. Furthermore, RPV selected, in
general, the smallest subset of features, among all evaluated feature selection methods.
Results of this experiments have shown that RPV achieved the better predictive perfor-
mance for the 28 bioinformatics datasets, and also for the 5 datasets from the general

domain, showing that RPV work well for more than one domain.

2.3.2 A Novel Genetic Algorithm for Feature Selection in Hier-
archical Feature Spaces

A Genetic Algorithm (GA) is a stochastic search method inspired by Charles Darwin’s
natural evolution theory [38]. A GA works with a population of individuals (candidate
feature subsets) that iteratively undergo selection and modification, evolving towards
a good solution for a given problem. In essence, a GA works as follows. First, an
initial population of individuals is randomly created. Then, the quality of each individual
is evaluated by a fitness [unction. At each generation (iteration), the best individuals
(those with the highest fitness values) are selected more often for reproduction. The
selected individuals undergo genetic operations, like crossover (which combines parts of
two individuals to create a new individual) and mutation (where a small part of an
individual is replaced according to a randomly generated value). The reproduction process
produces offspring which will replace the parents, creating a new generation of individuals
which are expected to be better than the previous generation’s individuals. This process

is repeated until a stopping criterion (e.g., a fixed number of generations) is satisfied.

Redundant features can potentially decrease the predictive capacity of the classifier
and should be eliminated. This is a huge problem in hierarchical datasets because when
two features are hierarchically related (i.e., when two features are on the same path
within the hierarchy), they tend to be highly correlated (or redundant) with each other.
So, the second main contribution of this thesis is the proposal of a Genetic Algorithm that
employs a genetic operator (a mutation operator to be more precise) able to explore the
hierarchy of features, reducing the internal redundancy present in hierarchical datasets.
This method is called Genetic Algorithm for Hierarchical Feature Selection (GA-HFS). In
this thesis, two distinct genetic mutation operators for genetic algorithms are proposed.
These two operators are based on the principle that reducing the number of hierarchically
redundant features often leads to higher predictive accuracy. Also, the proposed operators
attempt to reduce the number of correlated features, by applying to each feature a different

probability of mutation. This probability is defined according to the correlation among
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hierarchically redundant features in the candidate solution.

In total, we introduce three versions of a genetic algorithm (GA) for feature selec-
tion. The first one employs a simple mutation, considering a single value of mutation
to all features without considering the relationship among the features. The other two
mutation operators are tailored for feature selection in hierarchical feature spaces. The
first operator, Simple Hierarchical Elimination (SHE) mutation, sets a fixed biased mu-
tation probability to each feature with hierarchical redundancy, where the probability of
removing such features is greater than the probability of changing the selection status
of other features. The second mutation operator, Correlation-based Hierarchical Elimi-
nation (CbHE), sets the probability of removing a hierarchically redundant feature in a

data-driven way, based on the correlation among hierarchically related features.

The experiments compared the predictive accuracy of Naive Bayes with features se-
lected by 8 different approaches. The methods were evaluated on the 24 datasets using
Gene ontology features. Four datasets were kept out of this evaluation since they were
used by the irace [28] procedure to calibrate the parameters of the GA-HFS (population
size, number of generations, elitism size, tournament size, crossover probability and mu-
tation probability). In summary, the two proposed GAs using the two novel hierarchical
mutation operators achieved better predictive accuracies than traditional and state-of-
the-art hierarchical feature selection methods. Actually, those two best GAs obtained
significantly higher predictive accuracy than 4 or 5 other approaches, depending on the
accuracy measure (GM or AUCPR). Also, those two best GAs, using new hierarchical
mutation operators, selected overall substantially fewer features than the GA using a

non-hierarchical mutation operator.



Chapter 3

Feature Selection for Uncertain Fea-
ture Spaces

The main objective of this chapter is to introduce the methods, proposed in this thesis,
capable of exploring the structure present in uncertain feature spaces. This chapter is
organised as follows. First, in Section 3.1, we define the uncertain feature space. Section
3.2 presents the related work. Lastly, Section 3.3 describes the contributions of this thesis

by cxploring uncertain feature spaces.

3.1 Uncertain Feature Spaces

In this work, we explore Protein-Protein Interactions (PPI) features to build datasets and
predict Anti-/Pro-Longevity Genes. PPIs are defined as physical contacts (or functional
interactions) between proteins that occur in a cell or a living organism [6]. There are
many different databases describing interactions between proteins [16, 42, 33, 34, 43]. In
this work, we use the STRING database [42, 43], which contains a collection of known and
predicted protein-protein interactions. These interactions can be either direct (physical
interaction) or indirect (functional interaction). The information available in this database
comes from the following sources: computational prediction, lab experiments, knowledge
transfer between organisms, automated text mining and from interactions observed in
other databases. In the STRING dataset, each PPI is associated with a score calculated
from the information in the database that indicates the confidence of certain interaction
being actually present. I.e., a high confidence score means that there is more support

regarding a given interaction in the database.

The uncertain feature spaces addressed in this work is defined as follows. Given
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an instance z; = {(x;1, T, ..., %iq)}, each value z;;, where 0 < z;; < 1, represents a
certainty score defining how likely the the ¢-th instance is positively associated with the
j-th feature. That is, if x;; > @9, this means that the ¢-th instance is more likely to be

positively associated with the first feature than to the second feature.

In Section 2.1, we demonstrate the process of building a dataset for the prediction of
ageing-related genes using Gene Ontology features. These previously built datasets were
enhanced with Protein-Protein Interactions (PPI) features. So, GO and PPI features
are used together in each of the 28 datasets. In each dataset, for each gene (instance),
we incorporated PPI features according to the data available in the STRING database.
A full description of the datasets can be found in Section 2.4.3 of the article “Novel
Feature Selection Method for Uncertain Features: An Application to the Prediction of
Pro-/Anti-Longevity Genes”. Figure 3.1 depicts the structure of GO features (hierarchi-
cally organised) working alongside with PPI features. Note that, PPI features can be
represented as a complete graph, where every pair of proteins (vertices) is linked by an
edge. The edge of protein x and protein y contains a numeric value, representing the

score of the interaction between proteins x and y.

Gene Ontology Terms for Protein A Protein-Protein Interaction for Protein A

A BCDEVFGHTIJ]KLMN AB A-CADA-E A-F AG

proteinA:[0 [0 [ 1]oJoo 1 ]t]o]i]i]1]1]1]o2]07]09]0s]00]00]

Figure 3.1: Example of hierarchical (GO dataset) and uncertain (PPI dataset) features.

Additionally, it is worth mentioning that the Gene Ontology contains uncertain in-
formation describing the confidence of a given annotation. However, in this thesis, the

uncertain information of GO annotations is not being explored.
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3.2 Related Work

Although uncertain features are present in many different applications (such as sensor
data, PPI features, among others), there are very few methods capable of exploring un-
certain features in the literature. For instance, in [23], a discriminative feature selection
method for graph classification is introduced. It deals with graphs where the linkage
of nodes are fundamentally uncertain (i.e., each connection between two nodes holds a
likelihood of being a real connection). The graph structure used in that work is similar
to those found in the Protein-Protein Interaction network. Note, however, that we are
not interested in finding graph subsets, which is a significant difference between their

approach and the one reported here.

Another feature selection method for uncertain data was proposed by 8]. They intro-
duced a modified mutual information evaluation measure capable of dealing with uncertain
features that is used in a two-step way. First, each feature is evaluated by the modified
mutual information measure. Second, a threshold is used to select the x% of features with
better mutual information values to build the classifier. However, the uncertain data em-
ployed is quite different from the one described in this work, since each feature value
is described by a Gaussian distribution. Another significant difference is the fact that
the data used to build the classification model is not initially uncertain. The Gaussian
distribution is built as follows. First, the real [ealure values are used as the mean of the
distribution, and a user-defined parameter is used as the standard deviation of the distri-
bution (this parameter is equal for every instance/feature in the dataset). Note that, this
approach is very different from the method described in our work, where the uncertainty
information is given as an input. Also, apart from having a hard to tune user-defined
parameter, it has another significant drawback; it cannot handle high-dimensional data
since it relies on a Kernel Density Estimation (KDE) to compute the mutual information,

which is notably a computationally expensive method [8].

3.3 Contributions

In this section, we briefly describe the contributions and outline the main results of a novel
probabilistic Jaccard Distance Measure for Classification and a lazy feature selection for
uncertain features (LFSUF). The first method is described in the following article: “A
Novel Probabilistic Jaccard Distance Measure for Classification of Sparse and Uncertain

Data”, published in the Symposium on Knowledge Discovery, Mining and Learning (KD-
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MiLe). The full text and details are provided in Appendix C and a summary of this
contribution is presented in Section 3.3.1. The second method is described in the article
“A Novel Feature Selection Method for Uncertain Features: An Application to the Pre-
diction of Pro-/anti-Longevity Genes” submitted to the journal IEEE/ACM Transactions
on Computational Biology and Bioinformatics (TCBB). The full text and details of this
chapter’s second contribution are provided in Appendix D and a summary of this contri-
bution is presented in Section 3.3.2. All datasets and code used in these contributions are

available at https://github.com/pablonsilva/thesis_resources.

3.3.1 A Novel Probabilistic Jaccard Distance Measure for Clas-
sification of Sparse and Uncertain Data

As the third contribution of this thesis, we introduce a novel distance measure that takes
advantage of uncertain values to increase the predictive performance of the nearest neigh-

bours classifiers. This distance measure is called Probabilistic Jaccard (ProbJacc).

We presented a novel Jaccard distance measure for nearest-neighbour classification in
sparse datasets with probabilistic binary features. We compared both the speed and the
predictive performance of the 1-NN classifier using both our novel distance measure and
the traditional Jaccard distance by applying internal cross-validation to optimise the cut-
off value (Jaccard-ICV), i.e., transforming an uncertain value in a binary value according

to a threshold parameter optimised by a internal cross-validation procedure.

The 1-NN classifier using the proposed ProbJaccard distance measure is significantly
faster than the Jaccard-ICV method. This is due to the fact that ProbJaccard handles the
uncertainty from the data directly, so there is no need to perform internal cross-validation
to optimise a cut-off parameter. Additionally, our proposed method has shown an overall
improvement in the predictive performance of the INN classifier across 28 ageing-related

datasets.

3.3.2 Novel Feature Selection Method for Uncertain Features:
An Application to the Prediction of Pro-/Anti- Longevity
Genes

The fourth contribution of this thesis is the proposal of a new feature selection method
capable of exploiting the uncertainty values (or scores) present in Protein-Protein Interac-

tion (PPI) features, where the higher the feature score, the higher the chance of the current
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instance (protein) actually interacting with the protein associated with the PPI feature.
The novel method is called Lazy Feature Selection for Uncertain Features (LFSUF). The
intuition behind this method is as follows. In the handled uncertain data, a feature value
with high confidence (i.c., a feature value around one) means that the positive feature
value has strong evidence of being actually present in an instance. Conversely, a feature
value with low confidence (i.e., a feature value around zero) means that the feature is
probably not present. Hence, LFSUF aims to select the subset of features whose positive
value has the highest confidence (i.e., the highest likelihood of being present) in each
test instance (adopting the lazy learning paradigm). Furthermore, the proposed method
aims at selecting the subset of features which best correlates with the target class. In
summary, the strategy aims at selecting, for each test instance, a subset of features with

high confidence that also correlates well with the class.

The proposed LFSUF method obtained overall the best predictive accuracy in the
classification of pro-longevity vs anti-longevity genes from four model organisms, when
using two different classifiers (Naive Bayes and 1-NN) and two different types of feature
sets — first, using both Gene Ontology (GO) and uncertain PPI features; and second, us-
ing only uncertain PPI features. Also, LFSUF achieved better predictive accuracy using
smaller selected feature sets on average, when compared against other feature selection
methods. This is desirable since it improves the interpretability potential of the predic-
tions made by the model. In summary, our results indicate that the application of lazy
feature selection on datasets with uncertain features is an effective approach, leading to

higher predictive accuracy and better interpretability potential.



Chapter 4

Comparing the Proposed Feature Se-
lection Methods

In this thesis, we propose three different feature selection algorithms tailored to exploit
the hierarchical structure of GO features and a feature selection method capable of han-
dling uncertain values. However, these methods were presented separately. in different
articles, with no direct comparison between them, making it difficult to select the overall
best method. This chapter presents a comparison between the feature selection methods
proposed in this thesis. Section 4.1 presents the results of the comparison among the
proposed feature selection methods for hierarchical feature spaces. Section 4.2 presents
experimental evaluation of a hybrid method that performs feature selection by applying
a specific method to each feature type (GO and PPI) in the dataset of ageing genes. It
is worth mentioning that the content of this chapter is not present in any other research

article.

4.1 Comparing the Predictive Performance of the Pro-
posed Feature Selection Methods for Hierarchical
Feature Spaces

In this section, we present a comparison of the proposed feature selection methods for

hierarchical feature spaces. The following methods were compared:

e Select Relevant Positive Values (RPV) [Section 2.3.1, Appendix A]

e Genetic Algorithm for Hierarchical Feature Selection with SHE mutation operator
(GA-HFS-SHE) [Section 2.3.2, Appendix B] [5]
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e Genetic Algorithm for Hierarchical Feature Selection with CbHE mutation operator
(GA-HFS-CbHE) [Section 2.3.2, Appendix B] [5]

All methods were implemented within the open-source WEKA data mining tool [14].
The methods were evaluated on the 24 datasets using Gene ontology features, as described
earlier. Note that, four datasets were kept out of this evaluation since they were used
by the irace [28] procedure to calibrate the parameters of the GA-HFS (population size,
number of generations, elitism size, tournament size, crossover probability and mutation
probability). The lazy k-NN with £ = 1 (with Euclidean distance for hierarchical datasets
and Probabilistic Jaccard distance [31] for hierarchical plus uncertain datasets) and a lazy
version of Naive Bayes (NB) (both from WEKA) were used as classification algorithms
for all evaluated feature selection methods, and the predictive accuracy was measured
by 10-fold cross-validation. We evaluated the methods’ predictive accuracy by using
the Geometric Mean (GM) of sensitivity and specificity. GM takes into account the
balance between the sensitivity and specificity of the classifier. Sensitivity (or true positive
rate) is the proportion of positive class instances correctly predicted as positive, whereas
specificity (or true negative rate) is the proportion of negative class instances correctly

predicted as negative [18].

To determine whether the differences in performance are statistically significant, we
ran the Friedman test and the Holm post-hoc test [17], as recommended by Demsar [7].
First, the Friedman test was executed with the null hypothesis that the performances of
all methods are equivalent. The alternative hypothesis is that there is a difference between
the results of all methods as a whole, without identifying specific pairs of methods with
significantly different results. If the null hypothesis is rejected, we run the Holm post-hoc
test (which corrects for multiple hypothesis testing) to compare the results of the best
method overall against each of the other methods. Both the Friedman and Holm test

were used at the 0.05 significance level in all our experiments.

Table 4.1 reports the GM results for the proposed methods. Each row shows the
results for a different dataset. Columns 3 to 5 show the results of the three methods using
Nailve Bayes and the last three columns show the results of the same three methods using
1-NN.

The last two rows of the table show, for each method, the average rank (Avg. Rank)
and the number of wins (#Win). The lower the Avg. Rank, the better (higher) the
GM value. Note that the Avg. Rank and #Win values for the 3 methods are computed
separately for each of the two base classifiers (NB and 1-NN). For each base classifier, the
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Table 4.1: Comparing RPV, GA-HFS-SHE and GA-HFS-CbHE methods for feature se-
lection in hierarchical feature spaces with Naive Bayes and 1-NN as base classifiers in
terms of GM (in %).

Naive Bayes 1-NN
GA-HFS GA-HFS
Dataset RPV SHE CbHE | RPV SHE CbHE
BP 65.72 67.20 64.30 | 60.09 66.79 68.53
2 cC 63.62 66.46 68.00 | 63.04 66.49 66.88
S, MF 56.69 62.36 62.20 | 4440 59.70 63.81
% BP.MF 65.52 68.58 65.60 | 62.84 68.45 70.17
O CCMF 66.77 67.57 65.60 | 57.81 65.85 70.76
BP.CC.MF 66.50 68.41 65.70 | 60.95 70.96 71.60
5 BP 55.45 66.53 67.60 | 59.63 71.94 74.52
% CC 74.44 71.76  73.70 | 68.91 7220 74.46
§’ MF 67.17 60.93 60.30 | 70.53 63.55  67.50
< BPMF 60.15 63.55 (2.80 | 63.17 6880 71.39
S CC.MF 70.81 65.02 6740 | 66.63 71.55 70.36
R BP.CCMF 66.47 66.18 66.44 | 63.13 70.59 71.31
BP 68.60 70.41 69.60 | 59.47 72.81 T74.86
2 CC 69.43 67.69 69.70 | 54.58 69.88 6791
§ MF 67.93 68.44 70.30 | 66.12 6841 69.67
§ BP.MF 69.92 71.06 71.30 | 63.00 74.37 74.48
s CCMF 67.26 67.65 69.20 | 64.02 71.83 72.38
BP.CC.MF 71.22 73.76 71.80 | 62.94 7525 75.46
BP 61.63 70.03 70.60 | 57.17 67.71 68.52
_§ CcC 59.89 57.56 61.40 | 38.82 47.22 61.46
£ MF 54.61 41.96 44.90 | 34.03 45.27 59.08
£ BP.MF 63.13 69.49 69.50 | 65.76 67.21 68.09
OU:' CC.MF 66.23 54.95 58.90 | 46.52 60.46 71.48
BP.CC.MF 5844 68.38 68.60 | 60.95 67.67 67.61
Avg. Rank  2.29 1.96 1.75 2.92 1.92 1.17
#Wins 6.0 8.0 10.0 1.0 3.0 20.0

highest GM value for each dataset is highlighted in bold type. In the row right below

Naive Bayes: {GA-HFS-CbHE} - {RPV}

1-NN: {GA-HFS-CbHE} + {RPV and GA-HFS-SHE}

Table 4.1, the symbol > represents a statistically significant difference between one or

more methods, such that {a} > {b, ¢} means that a is significantly better than b and c.

In Table 4.1, we present the results of RPV, GA-HFS-SHE and GA-HFS-CbHE. The

presented results show that GA-HFS-CbHE achieved the best average rank and the highest

number of wins for Naive Bayes and 1-NN as base classifiers. Friedman test detected

a significant difference among the methods for both base classifiers and the Holm test

showed the following results. For NB, GA-HFS-CbHE results are statistically significantly
better than those presented by RPV. Whilst there is no statistically significant differences

between GA-HFS-CbHE and GA-HFS-SHE. For 1-NN, GA-HFS-CbHE achieved the best
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predictive performance on 20 out of 24 datasets, followed by GA-HFS-SHE with 3 wins
and RPV with 1 win. Also, GA-HFS-CbHE obtained the smallest average ranking (1.17).
These results are statistically significantly better than both GA-HFS-SHE and RPV.
These results demonstrate that, in overall, GA-HFS-CbHE obtained the best predictive
performance among the proposed methods for feature selection in hierarchical feature

spaces.

Even though requiring to run a parameter tuning procedure in order to find the most
suitable set of parameters, we have demonstrated that GA-based methods are robust, ob-
taining the best predictive performance overall. However, we argue that even though not
achieving the best predictive performance, the lazy RPV method should not be put aside.
RPV may be helpful when there is not enough data to calibrate the GA’s parameters.
Also, RPV selects a subset of features to each instance being classified, which could help

the domain specialist to analyse each individual prediction.

4.2 Comparing the Predictive Performance of the Best
Proposed Feature Selection Methods

In this thesis, we present novel feature selection methods for hierarchical feature spaces
(Gene Ontology features) and uncertain feature spaces (PPI features). The novel feature
selection methods introduced in Chapter 2 were evaluated on ageing datasets formed
by GO features only. While, the novel feature selection method LFSUF introduced in
Chapter 3 was evaluated on ageing datasets formed by PPI features alone, and GO and
PPI features together. In the second case, the feature selection was employed only on PPI
features, while the GO features were kept untouchable. So, in this section, we present
an experimental evaluation to understand the performance of applying feature selection
methods for both hierarchical GO features and uncertain PPI features at the same time.
The goal of this evaluation is to verify whether applying feature selection methods that
cxplores both the hicrarchical and uncertain featurces present in datascts formed by GO

and PPI is better than applying feature selection in PPI or GO alone.

In order to do that, we propose a new method called Hybrid, a feature selection
method that copes with hierarchical and uncertain feature spaces at the same time. Hy-
brid uses two feature selection methods, one feature selection method for hierarchical fea-
tures applied on hierarchical features (e.g., GO features in our case) and another feature

selection method for uncertain features applied on uncertain features (e.g., PPI features).
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Our experimental evaluation was performed by the comparison of the following feature

selection methods:

o Genetic Algorithm for Hierarchical Feature Selection (GA-HFS with CbHE muta-
tion operator) [Section 2.3.2, Appendix B], the best method for hierarchical feature

selection on GO features.

e Lazy Feature Selection for Uncertain Features (LFSUF) [Section 3.3.2, Appendix
D], it uses all GO features and apply feature selection only on the subset of PPI

features.

e Hybrid: a feature selection method applying GA-HFS-CbHE to the subset of hier-
archical GO features and LEFSUF to the subset of uncertain PPI features.

We followed the same experimental settings described in the previous section. Ta-
ble 4.2 follows the same format of Table 4.1 and presents the results of the comparison
between the GA-HFS-CbHE, LFSUF and Hybrid (a method combining GA-HFS-CbHE
and LFSUF) methods.

Results show that, for NB, Hybrid achieved the lower average ranking and the best
number of wins, being the best method on 14 out of 24 datasets, followed by LFSUF that
is the best method on 9 datasets. The worst method in this comparison is the GA-HFS-
CbHE, being the best method only once. Also, for NB, the Hybrid method presented
statistically superior results than GA-HFS-CbHE, while there is no statistical difference
when the Hybrid method is compared to LESUF. The Hybrid method was also the best
method for the 1-NN classifier. It achieved both the best number of wins and average
ranking. Hybrid was the best method in 16 out of 24 datasets. These results are statis-
tically significantly superior to both LESUF and GA-HFS-CbHE. Overall, these results
demonstrate that the Hybrid method achieved the best predictive performance among the
proposed methods. So, these results showed that we can achieve good predictive results
employing feature selection methods tailored for each type of features (hierarchical and
uncertain) present in ageing datasets. Particularly, these results were achieved when a
GA-HFS-CbHE was used in the hierarchical part of the dataset (formed by GO features)
and LFSUF was applied in the uncertain part of the dataset (PPI features).

The running time of these methods should also be taken into account. GA-HFS-CbHE
is an eager feature selection method, which means that it selects a single subset of features

in the preprocessing step. On the other hand, LFSUF selects a suitable subset of feature
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Table 4.2: Comparing GA-HFS-CbHE, LFSUF and Hybrid methods by using Naive Bayes
and 1-NN as base classifiers in terms of GM (in %).

Naive Bayes 1-NN
Dataset GA-HFS-CbHE LFSUF Hybrid | GA-HFS-CbHE LFSUF  Hybrid
BP 64.30 69.20  70.48 68.53 67.12  73.33
z CC 68.00 71.09  73.43 66.88 68.31  78.66
S MF 62.20 70.40  64.68 63.81 69.13  70.54
T BP.MF 65.60 70.04  69.71 70.17 68.62  76.24
S CC.MF 65.60 72.17  70.92 70.76 63.94  73.28
BP.CC.MF 65.70 70.68  69.18 71.60 68.59  73.21
< BP 67.60 59.81  71.92 74.52 63.69  70.47
% CC 73.70 69.90  76.20 74.46 76.29  73.14
g MF 60.30 62.66  71.59 67.50 64.23  75.66
§ BP.MF 62.80 64.35  71.35 71.39 68.74  71.45
g CC.MF 67.40 68.90  71.59 70.36 66.42  71.10
R BP.CCMF 66.44 65.57  72.45 71.31 70.95  69.52
BP 69.60 7118 73.46 74.86 7280  73.70
2 cc 69.70 69.07  69.39 67.91 68.06  73.16
S MF 70.30 7027 72.28 69.67 75.04  72.55
S BPMF 71.30 73.80  72.35 74.48 7424 7165
s CCMF 69.20 7113 71.22 72.38 77.10  73.25
BP.CC.MF 71.80 72.00  76.17 75.46 72.84  74.92
BP 70.60 74.57  74.22 68.52 73.67  75.41
g CC 61.40 73.52  72.84 61.46 62.27  64.21
£ MF 44.90 7131 71.39 59.08 67.72  70.03
S BP.MF 69.50 73.53  73.87 68.09 69.94  74.97
5 CCMF 58.90 73.01  72.33 71.48 62.89  72.24
BP.CC.MF 68.60 73.88  72.29 67.61 7123 74.98
Avg. Rank 2.75 183  1.42 2.21 233 1.46
#Wins 1 9 14 5 3 16

Naive Bayes: {Hybrid} > {GA-HFS-CbHE}
1-NN: {Hybrid} = {GA-HFS-CbHE and LFSUF}

to classify each new instance in a lazy fashion. So, GA-HFS-CbHE takes longer to train
in a new dataset and takes a small amount of time in the prediction step. Conversely,
LFSUF does the majority of work in the prediction step, taking longer than GA-HFS-
CbHE to select a subset of features. However, the time taken is not an issue. Also, note
that the time taken to select a feature subset using the Hybrid method is a combination
of both GA-HFS-CbHE and LFSUF methods.

We should remember that there could be cases where PPI features are not available
since they have not been annotated yet. So, the use of GO features alone should not be
discarded, since they can be useful in scenarios with no annotated PPIs. However, when
PPI features are available, the use of the Hybrid method (composed of GA-HFS-CbHE
and LFSUF) is recommended.



Chapter 5

Conclusions and Future Work

Ageing research focused on understanding the biological mechanisms that contribute to
the organisms’ ageing process. A better comprehension of these mechanisms could lead to
the development of better medicines or medical treatments that improve the lifespan of
an organism. In this thesis, we are interested in automatically predicting ageing-related
genes into two classes: Pro-longevity and Anti-longevity. Genes are described in terms of
Gene Ontology (GO) features and Protein-Protein Interaction (PPI) features. However,
the use of such features is not straight-forward. GO features are hierarchically organized,
while the information in PPI features is uncertain. Feature selection methods have been
successfully used to improve the classification’s predictive accuracy. However, only few
methods are capable of exploring the information available in hierarchical and uncertain

feature spaces.

The main objective of the thesis was to investigate and propose feature selection meth-
ods capable of exploring the hierarchical feature structure (in Gene Ontology features)
and the uncertain feature values (characteristic found in Protein-Protein Interaction (PPI)
features). Additionally, we also present a novel classification method specially designed

to handle uncertain feature values.

In order to exploit the hierarchical structure present in GO features, we proposed two
novel feature selection methods. The first one, a lazy feature selection method named
Select Relevant Positive Feature Values (RPV), is based on the hypothesis that positive
feature values, which are present to a small extent in each instance, provide more mean-
ingful and accurate information to the classification process. The second method follows
a wrapper approach, and is based on a genetic algorithm (GA) search. We proposed two
novel biased mutation operators: (i) Simple Hierarchical Elimination (SHE) mutation,

and (ii) Correlation-based Hierarchical Elimination (CbHE) mutation. Both methods
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were tailored to deal with the redundant features present in hierarchical feature spaces.

The experimental evaluation showed that the proposed hierarchical feature selec-
tion methods achieved superior predictive performance when compared against tradi-
tional (such as the CFS and ReliefF) and state-of-the-art hierarchical feature selection
methods (such as HIP, MR and SHSEL methods), and also selecting a smaller subset of
features. Furthermore, we show that GA-HFS with CbHE mutation operator overper-
formed the RPV method using both Naive bayes and 1-NN as base classifiers in ageing

datasets.

In order to explore datasets containing Protein-Protein Interaction (PPI) features with
uncertain values (i.e., feature values represented by a confidence score), we introduced two
strategies. Firstly, by employing a lazy feature selection method, named Lazy Feature
Selection for Uncertain Features (LFSUF) method. based on the hypothesis that, for a
given instance, a feature with both a high confidence score and great correlation with
the class has better class-discrimination power, since it has a strong evidence of being
present in the current instance. Secondly, we proposed a novel distance measure capable
of handle uncertain values, this method is used as the distance measure of a nearest

neighbour classifier.

Our experiments showed that LESUF achieved a good predictive performance in un-
certain feature spaces using datasets combining GO and PPI features and on PPI features
alone, employing the Naive Bayes and 1-NN (with the proposed Jaccard distance mea-
sure) as base classifiers. We also show, for the first time, that using PPI features along

with GO features is beneficial to the classification task of ageing-related genes.

Additionally, in this thesis, we explore the use of feature selection methods for hier-
archical feature spaces (GO features) and uncertain feature spaces (PPI features) when
they are applied together in the same dataset. So, we proposed a Hybrid method that
uses the best feature selection method for each type of feature. More specifically, the
Hybrid method applies a GA-HFS-CbHE in the subset of GO features and LFSUF in
the subset of PPI features. Our experiments showed that the Hybrid method achieved
the best predictive performance, overall, using the Naive Bayes and 1-NN as classifiers.
So, when both GO and PPI features are available, the use of a specific feature selection

method for each type of feature is recommended.

It is worth mentioning that the feature selection methods for hierarchical and uncer-
tain feature spaces proposed in this thesis can be used in any application domain. Neither

the number of features nor the number of instances are limitations in the application of



5 Conclusions and Future Work 28

such methods. So, these methods can be applied to any dataset with the following char-
acteristics: (i) binary features and hierarchical feature structures organised in directed
acyclic graphs (DAG) for the hierarchical feature selection methods; and, (ii) features
with numeric values ranging from 0 to 1, representing the certainty of a given feature
annotation. Figure 5.1 illustrates the decision process of selecting the adequate feature

selection method for a given problem.

" . Hierarchical and Uncertai Traditional Feature
Hierarchical Feature Spaces Unicertain Feature Spaces : - L » Y =
Feature Spaces Spaces

Traditional FS
Methods

Figure 5.1: Figure describing which feature selection method should be used according to
the feature space type.

In this thesis, we have proposed novel feature selection methods for exploiting the
structures of hierarchical feature spaces and the uncertain values in uncertain feature
spaces. We have done that by employing agnostic feature selection methods, in the sense
that a method designed to handle hierarchical features does not share any information
with the method capable of exploring uncertain features. So, as a feature work, we would
like to understand how feature selection for these two types of feature can work together

to improve even more the predictive performance of the ageing problem.

We have demonstrated the effectiveness of the proposed feature section methods in
the prediction of ageing-related genes. However, the analysis of the selected features by
a domain specialist is an essential task that should be performed. This task would guide
us toward understanding the real biological meaning of the features currently being used

in the classification task. We intend to address this in future work.

Also, we are interested in exploring the structure present in other types of features.
For example, we have demonstrated that using Gene Ontology (GO) and Protein-Protein
Interaction (PPI) features improve the predictive accuracy of classifiers for ageing-related
genes. We are interested in including more feature types such as Kyoto Encyclopedia
of Genes and Genomes (KEGG) [21] features and Motif features [9], and exploring the

structure of these features to improve the predictive accuracy of ageing-related genes.
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1 Introduction

The classification task is one of the most relevant types of supervised learning
in the knowledge discovery scenario [9]. A previously trained classification model
automatically assigns a class label to an instance, based on the values of its fea-
tures. In many important real-world problems, each instance in the dataset can be
described as a binary feature vector, such that each feature takes either a “posi-
tive” or a “negative” value, indicating the presence or the absence of a property,
respectively, in the object being classified. It should be noted that in this scenario,
intuitively positive values are more informative than negative values in general.
After all, a positive feature value has a clear and well-defined meaning, whilst the
negative value of a feature represents very vague information, in the sense that
it just tell us that the object being classified does not have a certain property,
without providing any clue about the object’s properties. Therefore, in this work
we prioritize the selection of positive feature values over negative feature values,
when learning classification models.

More specifically, this work addresses hierarchical feature spaces, where binary
features are related via generalization-specialization relationships. In addition, the
addressed feature spaces are sparse, i.e., in general the instances contain much
fewer positive than negative feature values. In a generalization-specialization hi-
erarchy, also known as “IS-A” hierarchy, for any given instance ¢, if a feature x
has positive value in ¢, denoted (z = 1), then all ancestors of z in the feature hi-
erarchy also have positive value in ¢. In contrast, if a feature x has negative value
in ¢, denoted (z = 0), then all descendants of = in the feature hierarchy also have
negative value in ¢.

Some examples of data commonly characterized by hierarchical and sparse
feature spaces, where positive feature values are in general more informative than
negative values, are text [12] and biological data [28, 29, 31], which are two of the
most investigated types of machine learning applications.

For example, in the text classification problem, an article may be characterized
by a set of tags describing its content. In this case, one general feature (e.g.,
News) may be associated with one or more specialized features (e.g., Economy,
Politics and Sports). In addition, knowing that a document contains a certain word
like Economics (positive feature value) provides us with clear information about
the document’s contents, whilst knowing that the document does not contain a
certain word like Economics (negative feature value) provides us with much less
information about the document’s contents.

Similarly, in bioinformatics problems where each instance represents a gene,
each gene may be associated with terms derived from an ontology of biological
processes or functions. Hence, a general feature (e.g., biological process) would
be the ancestor of more specific features (e.g., reproduction, metabolic process
and biological regulation). In addition, a gene annotation indicating that the gene
is involved in DNA repair (positive feature value) provides us with much more
information than a lack of DNA repair annotation (negative feature value) for
that gene.

Many important real-world datasets have a large number of features, many
of which are not crucial for predicting the correct class. Some features can be
redundant (highly correlated with each other) or irrelevant for predicting the class



Prioritizing Positive Feature Values: a New Hierarchical Feature Selection Method 3

variable, decreasing the classifier’s predictive accuracy, making the learning process
slower, and reducing the comprehensibility of the results.

Feature selection methods have been successfully employed to cope with these
problems. They aim at selecting a reduced subset of features to predict the tar-
get class, yet increasing the predictive accuracy of the classifier [16, 17]. Al-
though many methods address this problem [7, 13, 15, 16, 17, 18, 22, 32], only
few of them explore the hierarchical information in order to improve their effec-
tiveness [12, 20, 24, 28, 29, 30, 31]. Existing hierarchical feature selection methods
usually find a suitable subset of features by keeping those features with higher val-
ues of relevance and removing redundancy among hierarchically related features.

In this work, we focus on hierarchical and sparse feature spaces from differ-
ent domains that share a singular characteristic; a positive feature value is always
much more informative than a negative feature value, as briefly discussed earlier
and discussed in more detail later. Despite this interesting characteristic of positive
feature values, none of the previously proposed feature selection methods for hier-
archical and sparse feature spaces has prioritized the selection of positive feature
values. Hence, in this work, we hypothesize that the selection of positive feature
values tends to increase the predictive accuracy of the classifier, and we proposc
feature selection methods prioritizing positive feature values.

The main contributions of this work are twofold. Firstly, we propose a novel
lazy feature selection method for hierarchical and sparse feature spaces which relies
on the higher relevance of features with positive values for the classification task.
The basic idea of this method is to select, for each test instance, a subset with the
most specific positive features in the hierarchy as well as its relevant ancestors.
Secondly, we introduce a new lazy version of a relevance measure that evaluates
the predictive relevance of a feature value for the current test instance.

The proposed feature feature selection method prioritizing positive feature val-
ues is evaluated in experiments with 33 datasets. These datasets are mainly from
the area of bioinformatics, but they also include other types of application domains,
in particular two datasets involving the classification of sports tweets, one dataset
involving the classification of news headings, one dataset involving the classifica-
tion of URLs, and finally one dataset classifying cities into categories of “liveabil-
ity”. The results of experiments with these diverse application domains show that
the proposed hierarchical feature selection method outperforms both traditional
feature selection methods and recent state-of-the-art hierarchical feature selection
methods regarding the predictive accuracy, whilst also selecting smaller feature
subsets.

This paper is organized as follows. Section 2 defines the hierarchical feature
selection problem and briefly discusses feature selection methods. Section 3 reviews
related work. Section 4 introduces the new relevance measure and the novel lazy
restrictive hierarchical feature selection method. Section 5 presents experimental
results. Section 6 presents conclusions and research directions.

2 Hierarchical Feature Selection for Classification

The classification problem can be defined as follows. Let X = {X1,..., Xq} be a set
of d predictive features and L = {l1,...,lq} be a set of ¢ class labels, where g > 2.
Let D = {(z1,y1), (%2,92),..., (xn,yn)} be a dataset with N instances, where
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x; corresponds to a vector (i1, Ti2,...,Tiq), for the i-th instance, which stores
values for the d features in X and each y; € L corresponds to a single target class.
The goal of the classification task is to learn a classifier from D that, given an
unlabelled instance t = (x,7), predicts its class label y.

The quality of the feature set has a huge impact on the predictive performance
of classification algorithms [16, 17]|. Feature selection methods aim at improving
the predictive performance of the classifier by selecting a subset containing rele-
vant and non-redundant features. Relevant features are those that are useful for
predicting the target class variable, and non-redundant features are those that are
not highly correlated with other features.

Feature selection methods can be categorized into embedded, wrapper and
filter methods [16, 17]. Embedded methods are incorporated into the classifica-
tion algorithm, selecting features during the construction of a classification model.
Wrapper and filter methods are instead used in a data pre-processing step. Wrap-
per methods measure the relevance of a feature subset by evaluating the predictive
accuracy of a classifier built using that subset. Hence, they select features tailored
for the target classification algorithm, but they tend to be very time-consuming.
By contrast, filter methods evaluate the predictive power of features in a generic
way, by using a relevance measure that is independent of the target classification
algorithm. Filter methods tend to be much faster and more scalable than wrapper
methods. We focus on filter methods in this work. For an example of a wrapper
approach see [3].

In some scenarios, the i-th instance is defined as a d-dimensional binary feature
vector (zi1, T2, . .., Tiq) with @;; € {0,1} for all 1 < j < d. When the feature set
X is hierarchically structured, we call it a hierarchical feature space, which can
be represented as a Direct Acyclic Graph (DAG). In this DAG a vertex (node)
represents a feature and an edge represents a generalization-specialization rela-
tionship between features. In this sense, an edge (X, — X3) indicates that X, is
a parent (immediate ancestor) of X and Xy is a child (immediate descendant) of
Xq. More generally, a feature X, is an ancestor (descendant) of a different feature
Xy if and only if there is a sequence of edges leading from X, to X, (from X, to
Xq) in the feature DAG — or in the feature tree, if each node has either zero or
one parent. The root node is the most general feature, while the leaf nodes are the
most specific ones. Note that this structure produces a hierarchical redundancy
among features, since a specific feature value logically implies the values of all its
ancestors or descendants: all ancestors of positive-valued features have positive
values and all descendants of negative-valued features have negative values.

For example, to classify an instance where the feature set is formed by Gene
Ontology (GO) terms, if the instance is annotated with the GO term “multicel-
lular organism reproduction”, then that instance is considered annotated with
the more general GO terms “reproduction” and “multicellular organism process”.
Conversely, if an instance is not annotated with the GO term “reproduction” (i.e.,
the feature “reproduction” has a negative value), then the instance is considered
not to be annotated with the GO term “multicellular organism reproduction” (i.e.,
the child feature is guaranteed to have a negative value too, in that instance).

Hierarchical feature selection methods exploit characteristics of the feature
DAG to improve the predictive accuracy. This is typically done by removing hi-
erarchically redundant features [24, 31]. Technically speaking, in this work, note
that, even though we are dealing with hierarchical features, the information about
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the hierarchical structure (represented by a feature DAG) is only used by the
hierarchical feature selection methods. I.e., the hierarchical structure is used to
enhance the feature selection process, helping to identify a better set of features
to be selected. After the feature selection step, the data is treated as a “flat”
dataset (i.e., the hierarchical structure is not considered anymore), then we can
use traditional classification methods to make predictions.

Feature selection methods (as well as classification methods) are categorized
as eager or lazy. Eager methods select a subset of features based on the training
instances. Then, a model trained with the selected features is used to predict the
class of any test instance. By contrast, lazy methods select a feature subset tailored
for each test instance [1, 22|, by observing the feature values (but not the class, of
course) in that test instance. In this work, the main motivation to adopt the lazy
learning approach is the ability to select a set of relevant positive feature values
specifically tailored for each testing instance.

Based on these definitions, our proposed hierarchical method can be catego-
rized as a filter feature selection method which follows the lazy learning paradigm.

3 Related Work

Traditional (non-hierarchical) feature selection methods, like the well-known eager
Correlation-based Feature selection (CFS) [6, 7] and ReliefF [13] methods, can be
used in hierarchical feature spaces by ignoring the hierarchical relationships among
features. However, this is intuitively a sub-optimal approach. Hence, a few methods
that directly exploit such hierarchical relationships to improve performance have
been recently proposed, as follows.

SHSEL [24] is a hierarchical feature selection method that performs eager learn-
ing. SHSEL assumes that, if two features are directly hierarchically related (one is
a parent of the other), they are usually highly correlated and tend to be similarly
relevant for classification. Hence, for each pair of directly hierarchically related
features, SHSEL removes the most specific feature if the correlation between them
is higher than a user-defined threshold. Then, using only the remaining features, it
keeps for each path in the hierarchy the features whose relevance is higher than the
average relevance of features in that path. Moreover, Lu et al. proposed the Greedy
Top-Down (GTD) search strategy [20], which selects the most relevant features in
each path from each leaf to the root node in the hierarchy. Likewise, an eager learn-
ing hierarchical method called Tree-Based Feature Selection (TSEL) [12] has been
used in the special case of tree-structured features. Previous work showed that
SHSEL achieves better performance than TSEL and GTD [24]. For this reason,
TSEL and GTD are no longer considered in this work.

Some hierarchical methods proposed in the literature are based on the lazy
learning paradigm, such as the Select Hierarchical Information-Preserving Features
(HIP) method [31], the Select Most Relevant Features (MR) method [31], and
the hybrid Select Hierarchical Information-Preserving and Most Relevant Features
(HIP-MR) method [28, 31]. Since the hybrid HIP-MR obtained worse results than
its base methods HIP and MR in [28, 31], it is no longer considered. Next, we
briefly describe HI” and MR.

The HIP method eliminates hierarchical redundancy by selecting only the
“core” features in the current test instance — i.e., features whose values are non-
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redundant since they cannot be inferred from the values of other features. In other
words, HIP selects the subset of the most specific positive-valued features (which
imply their ancestors) and the most general negative-valued features (which imply
their descendants). The values of the features selected by HIP for an instance im-
ply the values of all other features for that instance, so it ensures that hierarchical
redundancy is completely eliminated. However, HIP does not take into account
the relevance of the selected features.

In a similar vein, the MR method not only eliminates hierarchical redundancy
but also selects features with higher relevance. For each feature in the DAG, MR
considers all paths between the feature and the root (for positive feature values) or
between the feature and the leaves (for negative values). Then, the most relevant
feature in each path is kept. However, unlike HIP, in general MR does not select
all “core” features, i.e., it removes some hierarchically non-redundant features.

The proposed RPV method (described in Section 4) shares with HIP a cer-
tain focus on more specific positive feature values, but there are three important
differences between these methods. First, HIP selects both positive and negative
feature values, whereas RPV only selects positive feature values. Second, among
positive feature values, HIP selects only the most specific ones; whilst RPV selects
not only the most specific feature values, but also some of their relevant ancestors
in the feature hierarchy. 1'hird, RPV uses a new measure of feature value relevance
(introduced in this paper), whilst HIP does not use any such relevance measure.

In this work, we compare our proposed method against the state-of-the-art
hierarchical feature selection methods HIP, MR and SHSEL, as well as against the
traditional (non-hierarchical) feature selection methods CFS and ReliefF.

It is worth noting that there are also other types of hierarchical feature se-
lection methods, often discussed in the literature under the name of structured
feature selection, as reviewed in [5, 19]. However, in general, those methods have
been proposed for the regression task (using a variation of the Lasso method that
produces a sparse linear model), rather than for the classification task addressed
in this paper.

It is also important to highlight that the hierarchical (eature selection task ad-
dressed in this paper should not be confused with the kind of hierarchical feature
learning performed in deep learning processes. Deep neural networks involve hier-
archical feature construction, where, during the training of the neural net, features
are hierarchically learnt across the layers of the network [23]. On the other hand,
in the problem discussed in this work, the hierarchy of features is predefined, and
it is provided as an input to the feature selection algorithm. The point is not to
learn or construct new features; the point is to select the best possible subset of
features, among the original feature set, exploiting generalization-specialization
information associated with the predefined feature hierarchy.

4 The Proposed Hierarchical Feature Selection Method

This section presents our new relevance measure and the new feature selection
method for hierarchical and sparse feature spaces.
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4.1 Lazy Feature Relevance Measure

In general, how to assess the relevance (or predictive power) of a feature plays an
important role in the design of a good feature selection method. Many different
functions have been proposed to cope with this issue, such as the Information
Gain [2], the Mutual Information [27], the R measure [25, 28], etc.

The R measure, first proposed by [25], was adjusted by [28] to assess the pre-
dictive power of features in hierarchical feature selection. As shown in Equation 1,
where k is the number of classes, the R measure calculates the relevance of a bi-
nary feature X based on the differences between the conditional probabilities of
each class ¢; given feature values z1 and z2.

k
R(X) = [Plalzn) — Plesfas))? (1)

i=1
Note that Equation 1 is an eager relevance measure, but features may be
useful or not depending on the feature values of the test instance being currently
classified [22]. Our proposed feature selection method considers that taking into
account the feature values (specifically positive values) of the current test instance
may contribute to identifying a subset of high-quality features for that particular
instance, in the spirit of lazy learning. For this reason, we propose a new feature
relevance measure, named Lazy Relevance Measure (LazyR), which assesses the
predictive power of a given feature X taking a specific value x in the current test
instance. Defined in Equation 2, LazyR calculates the relevance of X with value
x as a function of the sum of differences in the conditional probabilities of each
class (¢;) given the specific feature value = and the class probability % associated
with a uniform distribution — ignoring the other values of X, since they do not
occur in the current test instance. This measure has the highest value when the
feature value z is perfectly correlated with one of the k classes, and presents the

lowest value when the conditional probability of each class ¢; is exactly %

k 172
LazyR(X =x) = ; [P(cl|x) — E] (2)
The LazyR measure has some benefits over eager measures. Eager relevance
measures (e.g., R and Information Gain) assess the relevance of all values of a
feature to discriminate among class labels. In contrast, LazyR assesses the rele-
vance of a specific feature value. For example, consider a feature A with positive
and negative values, where the positive value discriminates well among class labels
and the negative value does not. An eager relevance measure could assign a low
score to feature A, leading to its removal. In contrast, our lazy relevance measure
would keep A in the model if the instance being classified has a positive value
for A, and remove it if the instance has a negative value, a principled data-driven
decision.

4.2 The Proposed Lazy and Restrictive Hierarchical Feature Selection Method

We designed a new feature selection method for hierarchical and sparse feature
spaces called Select Relevant Positive Feature Values (RPV). The intuition for this
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method is twofold. First, in sparse feature spaces, positive feature values are more
informative and easier to interpret than negative values. That is, since positive
feature values are quite rare, they provide more relevant and more meaningful
information than negative values. For instance, in text mining, typically a docu-
ment is described by features representing the presence (positive value) or absence
(negative value) of words in that document, and the class indicates a document’s
subject. The presence of the word “teacher” is relevant for predicting that the
document’s class is “Education”, but the absence of the word “teacher” is not
relevant for classification nor meaningful, it is too broad information. Second, the
generalization-specialization structure of hierarchical feature spaces creates hierar-
chical redundancy among features, which intuitively reduces predictive accuracy.
RPV exploits generalization-specialization relationships in order to eliminate hi-
erarchical redundancy, which should improve predictive accuracy.

More specifically, our method adopts the following ideas: (i) it relies on a
restrictive selection approach, where selecting only positive feature values might
increase the accuracy of the classifier; (ii) it tries to identify a specific subset
of relevant positive features for each instance ¢ in the test set — using the lazy
paradigm; (iii) taking into account the hierarchy, it selects the most specialized
positive feature values as well as those positive feature values whose relevance
value is higher than (or equal to) the relevance of all its positive descendants.

We now show, theoretically, that Naive Bayes — a classification algorithm used
in related work [24, 28, 29, 31] and also employed in our experiments — tends to
give larger influence to positive feature values than to negative feature values in
sparse datasets, which is in agreement with the ideas behind the proposed feature
selection method.

Consider the log-odds ratio form of Naive Bayes (for binary classes ¢1 and c¢3):

P(c1]X)  Pla) P(xic1)
P(C2|X) P(e2) +Z P(m c2)’ ®

which predicts class ¢i for the current instance if ln%z—i‘% > 0, and predicts

class c2 otherwise. The summation term of this formula can be divided into two
parts: Zﬁ_ 1l ggiﬁl; and 21_=1 Ilz(;j—:lgg, where i+ and i— index the set of
positive and negative feature values in the current instance, respectively: d+ and
d— are the number of positive and negative feature values in the current instance,
respectively; and d— + d+ = d. In the case of very sparse features, each term in
the second summation (over the d— negative feature values) will tend to zero. This
is because, since the vast majority of instances take the negative value for a highly

sparse feature, both the terms P(z;—|c1) and P(x;—|c2) will tend to have similar
P(x;_|c1)
P(w;—|c2)
tend to be close to zero. L.e., negative feature values will have little influence in
the Naive Bayes formula. On the other hand, for positive feature values, the terms

P(ziylc1) and P(xi4|c2) will have quite different values in general, and so the

values (both will tend to be close to 1), and therefore each term In will

summation of the terms ln%’li—% over the d+ positive feature values will tend
to be a large number, rather than close to zero. l.e., positive feature values tend
to have a larger influence than negative feature Values in the Naive Bayes formula.

The RPV method works as follows. Given a test instance ¢, first, it evaluates
the relevance of each feature in ¢. Then, it identifies the list of ancestors for each
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positive feature value, using the feature DAG. After that, RPV marks every nega-
tive feature value in ¢ for removal. For each positive feature X; in ¢, RPV evaluates
each of its ancestors and marks for removal those whose relevance is lower than
the relevance of X;. At the end of the process, RPV removes every feature marked
for removal, and the remaining features are used in the lazy classification of the
current test instance.

Algorithm 1 describes how RPV works in detail. This algorithm produces as
output a subset of features named Selected FeatSubSet. In the initialization phase
(lines 1 to 5), the ancestors and the relevance value (measured by LazyR) for each
feature in the DAG are computed and stored into the respective Ancestors and
Relevance arrays (indexed by the features’ ids). Also, the Status array is initialized
with the “Selected” value for all features.

Algorithm 1 Select Relevant Positive Feature Values (RPV)
Input : D (training dataset), ¢ (test instance) and DAG (feature hierarchy)
Output: a subset of features SelectedFeatSubSet

1: for each feature X; in DAG do

2:  Ancestors[X;] « list of ancestors of X; in the DAG

3:  Relevance[X;] + LazyR(X; = positive) {computed using the training set D}
4:  Status[X;] < “Selected”

5: end for

6: for each feature X; in DAG do

7. if Value(X;,t) is positive then

8: for each feature A; € Ancestors[X;] do

9: if Relevance[A;] < Relevance[X;] then

10: Status[A;] < “Removed”

11: end if

12: end for

13:  else

14: Status[X;] < “Removed” {since Value(X;,t) is negative}
15:  end if

16: end for

17: SelectedFeatSubSet < features with Status set to “Selected”
18: return SelectedFeatSubSet

The main phase of RPV works as follows. In line 7, for each feature X; in
DAG, the function Value(X;,t) returns the value of X; in the test instance ¢.
If the returned value is positive, RPV looks at each ancestor A; of X; in the
DAG and marks for removal (setting the Status flag) those with relevance value
lower than the relevance of X; (lines 8 to 12). In line 14, every feature with
negative value in ¢t is marked for removal, since negative values are much less
informative than positive values, as discussed earlier. In lines 17 and 18, the feature
subset SelectedFeatSubSet receives all features whose Status is still “Selected”
and this subset is returned by the algorithm. Then, a lazy classifier is executed for
test instance t using only the selected features. Note that, after initializing each
feature’s Status with “Selected”, the Status of a feature can only be changed to
“Removed” in lines 10 and 14, and once this change is made, that feature’s Status
is never set back to “Selected” by the algorithm. Hence, the result of the algorithm
does not depend on the order in which the features are processed.

The RPV algorithm is executed for each test instance in a lazy learning fashion,
but note that, in order to save time, the values of the Ancestors and Relevance
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arrays can be pre-computed in an eager fashion and stored to be accessed whenever
a new instance needs to be classified.

Figure 1 illustrates how RPV works. In this figure, each vertex represents
a feature, and the numbers on the right and left side of each node represent,
respectively, the feature’s value (1 for positive, 0 for negative) and the relevance
of that feature value. After RPV’s initialization phase, each feature in the DAG
(denoted by letters A to N) is processed in turn. When A, B, D, E, F and I
are processed, their Status will be set to “Removed”, since their values are “0”.
When C (with value “1”) is processed, RPV sets to “Removed” the Status of C’s
ancestors in the DAG whose relevance (LazyR) value is lower than C’s relevance
—i.e., G and N are marked for removal. When H is processed, L and N (ancestors
with lower relevance than H) are marked for removal, and M will also be marked for
removal when J is processed. After processing all features, the only ones selected
(never marked for removal) are features C, K, H and J.

Fig. 1: Example of a feature DAG showing the subset of features selected by RPV.

The RPV method presents some appealing characteristics: (i) it selects only
positive feature values, which are more informative than negative values; (ii) it
uses a lazy relevance measure specifically adapted to assess the relevance of a
feature value in the current test instance; (iii) since it selects only positive values,
it tends to select fewer features than the other methods used in our experiments
(as shown later); (iv) it selects the most specific positive feature values and some
of their most relevant ancestors.

5 Computational Experiments
5.1 Datasets

In this work, the proposed method was evaluated on 33 distinct datasets, 28 from
the bioinformatics domain and 5 from distinct classification domains.

Following the same methodology described in previous work [29, 31], we gener-
ated 28 datasets of ageing-related genes, involving the effect of genes on an organ-
ism’s longevity. These datasets were created by integrating data from the Human
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Ageing Genomic Resources (HAGR) GenAge database (version: Build 17) [21]
and the Gene Ontology (GO) database (version: 2015-10-10) [26]. HAGR is a
database of ageing- and longevity-associated genes in model organisms which pro-
vides ageing information for genes from four model organisms: C. elegans (worm),
D. melanogaster (fly), M. musculus (mouse) and S. cerevisiae (yeast). The GO
database provides information about three ontology types: biological process (BP),
molecular function (MF) and cellular component (CC). Each ontology contains a
separate set of GO terms (features), i.e., a distinct feature hierarchy (a DAG).
So, for each of the 4 model organisms, we created 7 datasets, with 7 combinations
of feature types (feature hierarchies), denoted by BP, CC, MF, BP.CC, BP.MF,
CC.MF and BP.CC.MF.

Hence, each dataset contains instances (genes) from a single model organism.
Each instance is formed by a set of binary features indicating whether or not
the gene is annotated with each GO term in the GO hierarchy and a binary
class variable indicating if the instance is either positive (“pro-longevity” gene)
or negative (“anti-longevity” gene) according to the HAGR database. In order to
avoid overfitting, GO terms which occurred in less than three genes were discarded.

It is worth mentioning that the annotation of GO terms available in these data
resources is error-prone, because it is based on a combination of biologists’ expert
knowledge and the results of biological experiments (which are inherently noisy).

The remaining 5 datasets, previously used in a related work [24], represent
different classification tasks with features and hierarchies extracted from either
the Open Directory Project! or DBpedia [14]. These datasets are described below.

— Tweets T and Tweets C: in these datasets, the task is to identify sports-related
tweets, where each tweet can be either related to sports (positive class) or not
related to sports (negative class). The hierarchy and features were generated
by extracting types (in Tweets T) and categories (in Tweets C) from DBpedia.

— NY Daily: this dataset is a set of news headings augmented with DBpedia’s
types, where the classification task is to identify a sentiment variable (posi-
tive/negative).

— Stumbleupon (Std.upon): this dataset is formed by a set of URLs whose fea-
tures are derived from the Open Directory Project. The classification task is
to predict if a URL is either positive (“evergreen”) or negative (“ephemeral”).

— Cities: this dataset was generated from a list of the most and the least liveable
cities augmented with DBpedia types. The task is to classify each city into low,
medium and high liveability.

Information about the datasets is shown in Table 1. For each of the 4 model
organisms, each of the 7 rows shows information about a specific dataset. The first
column identifies the group of datasets for each of the four organism or the general-
domain datasets. The second column shows the feature hierarchies used to build
the bioinformatics datasets or, in the last five rows, the names of the datasets from
general (non-bioinformatics) domains. The other columns show, respectively, the
number of features (#features), the number of edges in the feature DAGs (#edges),
the number of instances (#instances), the percentage of positive-class instances
(% Pos), the percentage of negative-class instances (% Neg), and the percentage
of positive feature values (% Pos values). In the last row, the class distribution
(low, medium and high) for the dataset Cities is shown within columns 6 and 7.

L http://www.dmoz.com
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Table 1: Detailed information about the datasets used in the experiments.

Group Dataset #features Ffedges Finstances % Pos % Neg %Pos values

BP 991 1707 657 34.40 65.60 4,50
" CcC 178 277 484 36.36 63.64 6.49
s MF 263 331 504 37.70 62.30 5.07
b BP.CC 1169 1984 664 34.34 65.66 4.49
© BP.MF 1254 2038 663 34.24 65.76 4.35
v CC.MF 441 608 566 36.22 63.78 4.99

BP.CC.MF 1432 2315 667 34.33 65.67 4.38
5 BP 800 1355 132 71.97 28.03 8.32
‘g CcC 89 130 122 70.49 29.51 12.02
0 MF 146 182 126 70.63 29.37 7.72
c BP.CC 889 1485 133 71.43 28.57 8.62
% BP.MF 945 1536 133 71.43 28.57 8.11
£ CC.MF 234 311 130 70.77 29.23 9.28
[a) BP.CC.MF 1034 1666 133 71.43 28.57 8.44

BP 1333 2406 109 68.81 31.78 10.65
4 CcC 143 214 107 68.22 31.78 16.41
_8 MF 240 289 106 67.92 32.08 9.73
g BP.CC 1475 2619 109 68.81 31.19 11.21
£ BP.MF 1572 2694 109 68.81 31.19 10.47
s CC.MF 382 501 109 68.81 31.19 12.07

BP.CC.MF 1714 2906 109 68.81 31.19 10.97

BP 844 1511 331 13.29 86.71 5.35
© CcC 145 230 331 13.29 86.71 9.04
E MF 221 277 331 13.29 86.71 5.73
[ BP.CC 989 1741 331 13.29 86.71 6.04
g BP.MF 1065 1788 331 13.29 86.71 5.43
ui CC.MF 366 507 331 13.29 86.71 7.44

BP.CC.MF 1210 2018 331 13.29 86.71 5.98

Tweets T 4082 36019 1179 55.64 44.36 1.14
© Tweets C 10883 15189 1179 55.64 44.36 1.02
g NY Daily 5145 44152 1016 57.09 4291 1.21
g Stb.upon 3976 12354 3020 45.36 54.64 1.17

Cities 727 7051 212 18.40/50.00/31.60 3.31

5.2 Experimental Methodology

We implemented our RPV method and other methods used in this work within
the open-source WEKA data mining tool [8]. The datasets used in the experi-
ments and the program code of the RPV method are freely available on the web
at (will be freely available on the web after the publication of the paper). The
methods were evaluated on the 33 datasets described earlier. The lazy k-NN with
Euclidean distance (with k£ = 1) and a lazy version of Naive Bayes (NB) (both from
WEKA) were used as classification algorithms for all evaluated feature selection
methods, and the predictive accuracy was measured by 10-fold cross-validation.
It is worth mentioning that Naive Bayes has also been used in previous work on
hierarchical feature selection [20, 24, 28, 30, 31], as well as k-NN [30, 31]. Besides,
after conducting some preliminary experiments with the datasets used in this
work and without employing any feature selection method, Naive Bayes achieved
the best classification performance, followed by 1-NN, when compared with other
traditional classification algorithms, namely SVM, Random Forest and Decision
Trees (C4.5).

As shown in Table 1, the majority of the datasets have imbalanced class distri-
butions, so we evaluated the methods’ predictive accuracy by using the Geometric
Mean (GM) of sensitivity and specificity as well as the Area Under Precision-Recall
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Curve (AUCPR) measures. The GM is defined in Equation 4, which was also used
in [29, 30, 31].

GM = \/Sensitivity * Speci ficity (4)

GM takes into account the balance between the sensitivity and specificity of
the classifier. Sensitivity (or true positive rate) is the proportion of positive class
instances correctly predicted as positive, whereas specificity (or true negative rate)
is the proportion of negative class instances correctly predicted as negative [11].
The AUCPR plots the precision of the classifier as a function of its recall, then the
arca under this curve is used to evaluate the classifier (the higher the better) [11].

To determine whether the differences in performance are statistically signifi-
cant, we ran the Friedman test and the Holm post-hoc test [10], as recommended
by Demsar [4]. First, the Friedman test was executed with the null hypothesis
that the performances of all methods are equivalent. The alternative hypothesis is
that there is a difference between the results of all methods as a whole, without
identifying specific pairs of methods with significantly different results. If the null
hypothesis is rejected, we run the Holm post-hoc test (which corrects for multiple
hypothesis testing) to compare the results of the best method overall (RPV with
the LazyR measure) against each of the other methods. Both the Friedman and
Holm test were used at the 0.05 significance level in all our experiments.

5.3 Results

Tables 2, 3, 4 and 5 report the predictive accuracy results for two experiments:
the first one (Tables 2 and 3) compares our proposed RPV method to baselines
approaches, and the second one (Tables 4 and 5) evaluates RPV against state-
of-the-art features selection methods. In these tables, each row shows the results
for a different dataset. Columns 3 to 8 show the results of six evaluated methods
(defined below) using Naive Bayes and the last six columns show the results of the
same six methods using 1-NN. Tables 2 and 4 report the AUCPR results, whilst
Tables 3 and 5 report the GM results. For the Cities dataset (with 3 classes), these
measures were computed by considering each class in turn as the positive class and
averaging the results over the 3 classes.

The last two rows of each table show, for each method, the average rank (Avg.
Rank) and the number of wins (#Win). The lower the Avg. Rank, the better
(higher) the GM or AUCPR value. Note that the Avg. Rank and #Win values for
the 6 methods are computed separately for each of the two base classifiers (NB and
1-NN). For each base classifier, the highest GM or AUCPR value for each dataset
is highlighted in bold type. In the row right below Tables 2 to 5, the symbol >
represents a statistically significant difference between one or more methods, such
that {a} > {b, ¢} means that a is significantly better than b and c.

5.8.1 Comparison against baseline fealure seleclion approaches

This first experiment aims to evaluate the effectiveness of the two main charac-
teristics of the proposed RPV method, i.e., its focus on selecting only a subset of
positive feature values and its new lazy relevance measure. Tables 2 and 3 report



14 Pablo Nascimento da Silva et al.

Table 2: Comparing RPV with different feature relevance measures against baseline
methods in terms of AUCPR — in %.

Naive Bayes I-NN
Baseline RPV Baseline RPV

Datasets No FS All-Neg All-Pos TG R LazyR[No FS All-Neg All-Pos 1IG R LazyR
BP 55.1 53.1 54.6 55.7 55.3 56.4 [ 48.0 41.8 48.3 49.4 47.4 504

o CC 56.3 56.5 55.1 53.1 545 543 | 49.4 535 545 53.253.9 54.6
& MF 50.2 47.8 50.5 50.6 51.4 51.7 | 47.6 49.9 51.7 51.7 50.5 50.1
¥ BP.CC 55.6 55.4 55.8 56.8 554 56.3 | 47.7 46.0 50.9 48.9 49.8 50.2
© BP.MF 53.6 53.0 53.2 53.854.0 55.4 | 45.8 46.7 48.7 49.4 51.3 50.1
© CC.MF 54.8 53.7 545 523541 53.3 | 47.7 57.0 54.8 51.7 51.9 54.6
BP.CC.LMF 54.0 53.0 54.0 55.155.7 56.6 | 46.4 49.1 49.2 50.3 48.8 48.6

5 BP 83.1 80.2 83.4 835822 825 | 782 76.2 80.0 .71 80.2 79.3
& CC 87.6 840 87.8 88589.8 90.0 | 79.6 819 852 83.584.0 83.4
w MF 819 79.7 819 82.082.8 81.1| 79.3 80.0 81.9 821 822 824
2 BP.CC 85.2 80.8 84.7 84.086.5 83.4 | 76.8 742 79.9 81.7 82.7 80.8
< BP.MF 847 807 851 84.885.7 833|767 77.0 80.2 81.4 815 80.4
g CC.MF 88.1 858 882 89.489.1 89.7 783 76.8 836 825834 84.7
n BP.CCMF 854 829 857 86.487.1 84.8 | 77.2 732 79.6 81.481.7 813
825 82.1 844 85.1 85.2 [ 77.1 759 76.0 2717 77.6

4 CC 845 822 860 865859 844 | 741 69.6 751 77.878.9 76.6
= MF 87.1 839 865 858863 8.6 | 77.6 741 81.8 78.779.2 79.1
@ BP.CC 842 83.1 852 86.385.6 88.6| 77.1 784 749 76.2757 75.6
£ BP.MF 817 823 844 856854 86.8| 77.2 733 78.8 80.078.8 78.2
s CC.MF 857 824 867 87.187.2 862|726 729 77.7 77.380.6 79.3
BP.CC.MF 83.0 829 852 87.686.8 87.0 | 785 745 783 78578.6 78.2
BP 456 432 402 428383 464292 259 328 395355 364

u CC 340 325 339 34.631.6 353|306 31.7 345 36.9 37.3 37.6
£ MF 26.8 20.4 27.0 20.820.7 25.2 | 289 26.3 32.0 36.034.3 35.8
o BP.CC 47.4 48.0 404 446 39.6 46,5 | 25.2 17.0 28.0 32.6 33.3 34.5
¢ BP.MF 41.8 428 358 41.1 36.2 46.1 | 25.3 21.6 35.3 40.4 35.2 40.5
»n CC.MF 339 274 315 333302 327 | 265 26.0 36.8 34.1 36.4 36.6
BP.CCMF 444 456 35.9 44.037.9 46.2 | 23.4 16.3 31.9 33.3 33.4 343
weets T 81.6  71.1 822 82.7 82.8 83.3 | 765 58.8 ©81.0 81.6 82.4 82.6

® Tweets C 083 954 083 08.4985 98.5| 945 00.2 96.6 96.9 97.0 97.5
2 NY Daily 64.1 60.7 641 64.163.5 64.8|60.4 579 59.5 5809 58.8 60.1
& Stdwpon  77.8 757 78.0 77.977.7 78.7 | 71.6 748 741 741742 744
Cities 70.7 648 717 712709 741 | 60.2 61.2 69.5 69.0 69.2 69.4
Avg. Rank 3.7 5.2 35 28 33 25 [ 50 5.2 32 28 25 24
#Win 3.0 2.0 1.0 5.0 55 165 | 1.0 3.0 45 6.5 7.0 10.0

Naive Bayes: {RPV-LazyR} >~ {No FS, All-Pos, All-Neg and RPV-R}

1-NN: {RPV-LazyR} > {No FS and All-Neg}

the AUCPR and GM results, respectively. We compare our RPV method using
the LazyR relevance measure against two RPV versions with different relevance
measures and three baseline methods. The first baseline is the base classifier using
no feature selection method (No FS). Le., it uses the full set of predictive features.
We also implemented two baseline lazy non-hierarchical feature selection methods:
one that selects all features with positive value in the current test instance (All-
Pos); and another one that selects all features with negative values in the current
test instance (All-Neg). Moreover, in order to evaluate the benefit of our proposed
feature relevance measure (LazyR), we compare our RPV (which uses the LazyR
measure) against two RPV versions. The first version uses the original eager rel-
evance measure R (RPV-R), defined in Equation 1, and the second version uses
the traditional Information Gain measure (RPV-IG).

Considering the results for the AUCPR measure in Table 2, RPV-LazyR ob-
tained the best #Win and the best Avg. Rank values for both Naive Bayes and
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Table 3: Comparing RPV with different feature relevance measures against baseline

methods in terms of GM — in %.
Naive Bayes I-NN
Baseline RPV Baseline RPV

Datasets No FS All-Neg All-Pos TG R LazyR[No FS All-Neg All-Pos 1IG R LazyR
BP 62.0 0.0 50.4 60.5 60.9 65.7 [ 58.4 20.6 61.0 60.9 59.3 60.1

o CC 65.7 399 65.5 63.6 65.3 63.6 | 59.9 62.9 64.0 62.1 63.2 63.0
5 MF 57.6 442 59.1 57.054.1 56.7 | 53.4 244 454 46.2 446 444
¥ BP.CC 61.9 0.0 60.9 62.9 64.0 67.7 | 59.9 146 62.4 60.3 62.0 61.5
© BP.MF 61.9 0.0 59.8 61.7 61.8 65.5 | 58.0 11.5 62.7 63.0 63.5 62.8
U CC.MF 642 243 644 64.166.1 66.8 | 58.6 52.0 60.7 56.8 54.6 57.8
BP.CC.MF 62.4 0.0 61.6 62.8 63.4 66.5| 60.0 196 62.1 64.4 63.7 61.0

% BP 50.4 0.0 51.4 53.854.6 555 | 58.8 18.1 62.4 58.6 56.8 50.6
‘ﬁ CC 66.7 0.0 75.6 76.2 75.7 744 | 71.9 50.3 71.0 69.5 69.5 68.9
80 MF 58.0 0.0 67.0 63.8 63.3 67.2 | 51.3 0.0 70.1 70.5 70.5 70.9
¢ BP.CC 57.7 0.0 56.1 60.5 62.3 64.5 | 56.1 22.1 57.5 61.6 63.1 64.1
< BP.MF 57.3 0.0 58.8 56.4 61.0 60.2 | 54.5 0.0 61.8 59.9 63.6 63.2
g CC.MF 65.8 0.0 69.1 69.570.3 70.8 | 61.0 32.8 68.8 68.567.4 66.6
o BP.CC.MF 59.4 0.0 61.0 61.8 63.8 66.5 | 56.8 0.0 60.8 63.9 62.5 63.1
BP 50.1 25.7 66.3 69.9 684 679 | 66.1 33.8 57.0 61.6 62.1L 59.5

4 CC 64.1 28.1 68.3 69.066.4 69.4 | 55.0 37.0 54.1 56.1 56.8 54.6
= MF 63.5 57.6 659 653647 67.9| 61.3 42.1 68.1 63.9 61.8 66.1
@ BP.CC 67.4 25.7 67.0 69.367.9 69.2 | 64.3 449 58.0 57.1 545 53.3
£ BP.MF 649 25,7 69.6 70.570.9 69.9 | 62.8 48.7 61.0 62.563.8 63.0
s CC.MF 61.6 36.4 68.6 68.268.2 67.3 | 489 36.3 63.2 66.467.2 64.0
BP.CC.MF 70.2 25,7 69.0 70.6 69.8 71.2 | 656.5 56.3 62.7 61.1 63.8 62.9
BP 615 0.0 547 56.2 52.4 61.6 | 54.7 0.0 57.3 67.160.L 57.2

v CC 57.6 0.0 59.3 58.9 59.2 59.9 | 525 0.0 38.7 39.0 39.0 38.8
£ MF 34.2 0.0 57.8 54.2 44.1 546 | 43.5 0.0 34.0 34.2 343 34.0
o BP.CC 63.1 0.0 51.3 54.0 50.0 58.1 | 54.5 0.0 56.3 57.8 53.6 49.5
8 BP.MF 62.1 0.0 53.5 55.4 557 63.1 | 49.8 0.0 67.6 67.4 62.3 65.8
«n CC.MF 59.9 0.0 60.6 59.9 56.5 66.2 | 48.2 0.0 50.5 44.5 45.1 46.5
BP.CC.MF 62.8 0.0 50.8 53.0 52.3 58.4 | 45.6 0.0 62.2 61.2 61.8 62.0

weets . . 72.2 73.0 73. . 73. . 742 74T T4 .

© Tweets C  87.6 0.0 945 94.895.0 94.8 | 91.2 59.1 95.0 94.5 94.4 95.0
2 NY Daily 50.3 0.0 56.7 57.1 55.9 56.6 | 53.0 0.0 51.3 51.1 51,5 52.6
& Std.wpon 687 151 70.6 70.671.0 70.7 | 70.6 71.8 71.0 70.9 70.7 71.1
Cities 73.5 0.0 73.6 639 71.0 71.8 | 59.3 247 61.2 61.2 60.8 61.4
Avg. Rank 3.7 6.0 34 31 30 1.9 | 37 5.8 28 3.0 29 29
#Win 4.0 0.0 40 4.0 4.0 17.0| 8.0 1.0 105 4.0 5.0 45

Naive Bayes: {RPV-LazyR} > {No FS, All-Pos, All-Neg, RPV-IG and RPV-R}
1-NN: {RPV-LazyR} > {No FS and All-Neg}

1-NN. For Naive Bayes, the Holm post-hoc test indicated that RPV-LazyR is sig-
nificantly better than No F'S, All-Pos, All-Neg and RPV-R. For 1-NN, the Holm
post-hoc test indicated that RPV-LazyR is significantly better than No FS and
All-Neg.

The GM results in Table 3 show that, for Naive Bayes, RPV-LazyR obtained
the smallest (best) Avg. Rank among all six methods. It also obtained the highest
GM value in 17 out of the 33 datasets. The Holm post-hoc test indicated that RPV-
LazyR is significantly better than No F'S, All-Pos, All-Neg, RPV-1G and RPV-R.
For 1-NN, the baseline All-Pos (which selects all positive features) achieved the
highest GM in 10.5 (one tied win) datasets, but its Avg. Rank (2.8) was very
close to the Avg. Rank of both RPV-R and RPV-LazyR (2.9), with no significant
difference among them. Moreover, the Holm post-hoc test indicated that RPV-
LazyR is significantly better than No F'S and All-Neg.
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Table 4: Comparing the proposed RPV against state-of-the-art feature selection
methods in terms of AUCPR — in % values.

Naive Bayes I-NN

atasets elie elie
BP AT 4 474 56.5 58.4 55.6 56.4[47.2 46.2 525 556 52.6 50.4
o CC 48.6 50.7 49.6 57.1 545 54.3|50.8 50.3 48.4 50.6 52.8 54.6
& MF 41.8 40.6 45.6 50.6 50.0 51.7|40.2 42.1 455 49.2 47.3 50.1
¥ BP.CC 42,0 49.3 60.0 59.8 56.7 56.3|49.3 48.4 52,9 52,3 54.2 50.2
© BP.MF 44,9 48.1 57.2 57.0 53.9 55.4|48.1 46.2 48.6 52.7 49.0 50.1
© CC.MF 49.3 473 51.1 54.2 52.0 53.3(44.3 48.3 49.2 51.1 52.6 54.6
BP.CC.MF 44.3 43.4 57.8 58.1 55.6 56.6|41.1 46.9 52.4 52.9 51.1 48.6
B 82.8 8IL.5 84.1 .6 82.0 82.5 .2 828 82.2 783 79.3 79.3
n CC 82.3 82.1 88.3 88.6 89.6 90.0(81.3 80.0 87.6 83.7 82.4 83.4
& MF 76.9 76.8 79.3 82.9 80.4 81.1|76.2 78.4 81.5 80.0 80.6 82.4
2 BP.CC 83.4 80.3 83.9 88.5 86.2 83.4(83.1 79.2 81.4 785 81.7 80.8
< BP.MF 81.1 80.5 83.1 84.5 84.2 83.3(86.1 77.9 76.4 75.8 77.3 80.4
g CC.MF 82.8 76.9 83.3 88.5 88.4 89.7|845 826 855 852 83.8 84.7
A BP.CC.MF 81.7 8l.4 84.8 87.2 85.1 84.8|87.7 79.8 79.8 77.9 79.8 81.3
72.6  70.7 85.7 .0 85.3 85.2[75.3 72.7 79.7 73.7 75.6 77.6
5 CC 71.5 70.4 82.8 80.0 85.0 84.4|68.7 729 78.9 70.0 78.3 76.6
Z MF 74.3 70.2 85.9 855 82.7 85.6(80.0 69.0 82.9 81.2 82.8 79.1
% BP.CC 70.0 73.3 87.2 86.0 87.5 88.6|70.6 715 742 717 76.5 75.6
£ BP.MF 73.4 724 879 87.2 865 86.8|74.2 728 78.0 759 76.6 78.2
s CC.MF 70.5 71.8 84.8 849 83.5 86.2(|73.7 728 84.4 765 740 79.3
BP.CC.MF 72.8 71.4 88.3 88.0 83.1 87.0|72.7 74.3 77.1 75.0 75.8 78.2
BP 28.1 254 41.1 46.3 41.2 46.4[27.9 30.6 41.9 3I1.8 28.0 36.4
e CC 13.3 133 26.3 30.4 29.9 35.3(11.2 14.9 30.2 31.7 28.3 37.6
£ MF 19.4 19.4 240 27.0 25.8 25.2(15.7 19.4 23.6 36.8 36.0 35.8
o BP.CC 27.6 229 43.0 48.5 416 46.5(34.9 266 353 28.6 329 345
Y BP.MF 19.6  19.9 40.5 46.0 42.8 46.1|32.9 26.6 41.0 27.2 351 40.5
»i CC.MF 18.4 18.4 28.2 319 31.1 32.7|17.1 21.8 30.6 32.3 34.1 36.6
BP.CC.MF 20.9 20.3 41.7 46.0 42.0 46.2|20.3 18.2 329 24.8 26.9 34.3
weets 749 78.1 73.7 772 82.1 3749 721 75.4 77.7 79.4 82.6
® Tweets C 90.0 87.8 82.3 85.3 87.8 98.5|87.8 86.4 84.2 94,1 87.8 97.5
2 NY Daily 59.2 59.0 60.8 64.2 64.5 64.8|59.0 57.3 55.9 59.4 59.4 60.1
& Std.upon 70.5 66.1 76.7 75.9 76.2 78.7|66.4 65.8 73.6 73.4 72.6 74.4
Cities 57.1 56.9 62.8 73.2 69.8 74.1|57.1 58.4 62.6 64.8 64.5 69.4
Avg. Rank 5.0 5.5 3.2 22 30 2I1[45 52 28 33 30 21
#Win 0.0 0.0 5.0 12.0 1.0 15.0] 4.0 0.0 9.0 4.0 2.0 14.0

Naive Bayes: {RPV} > {CFS, ReliefF and SHSEL}
1-NN: {RPV} > {CFS, ReliefF and HIP}

Note that the full set of positive feature values has much higher predictive
power than the full set of negative values and the full set of features, since All-Pos
obtained much better AUCPR and GM Avg. Rank values than All-Neg and No
I'S. This suggests that positive feature values are more informative than negative
feature values. Also, RPV-LazyR has the best average rank and the highest number
of wins for Naive Bayes using AUCPR and GM, and for 1-NN using AUCPR. So,
selecting the most relevant features using the LazyR relevance measure increases
the predictive power when compared with the baselines methods. Also, this result
indicates the benefit of using our proposed LazyR measure, rather than the R or
IG measures. Hence, the RPV method using LazyR was chosen to be used in the
next experiment due to its highest predictive accuracy.
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Table 5: Comparing the proposed RPV against state-of-the-art feature selection
methods in terms of GM — in % values.

Naive Bayes I-NN
atasets elie elie
BP 61.6 544 615 61.4 63.4 65.7[59.3 50.1 50.8 52.8 57.9 60.1
o CC 63.2 65.5 62.6 68.6 65.3 63.6(63.1 63.6 623 60.2 63.4 63.0
& MF 53.2 38.8 48.4 50.9 54.1 56.7|45.9 45.9 30.5 51.3 48.3 44.4
¥ BP.CC 63.9 b55.2 62.4 64.1 63.9 67.7|55.8 61.2 56.5 547 60.1 61.5
© BP.MF 63.9 b55.3 63.3 63.2 65.0 65.5(|53.6 57.5 52.3 52.2 58.7 62.8
© CC.MF 61.5 61.6 57.9 61.4 63.1 66.8(58.8 57.4 56.4 54.8 57.1 57.8
BP.CC.MF 62.0 51.0 63.3 63.0 65.2 66.5|57.4 56.8 57.6 55.3 59.6 61.0
5 BP 60.6 69.3 58.4 66.1 57.8 55.5 .2 625 49.7 53.6 60.9 59.6
n CC 64.8 69.8 61.6 68.4 61.4 74.4(70.9 624 750 68.1 69.0 68.9
& MF 51.9 54.7 53.3 57.1 51.6 67.2(54.3 57.8 48,5 48.4 46.8 70.9
2 BP.CC 49.5 65.2 55.2 71.8 50.0 64.5(73.6 62.1 62.4 49.0 58.1 64.1
< BP.MF 61.4 66.9 548 68.1 56.5 60.2(67.4 b54.6 53.6 48.4 57.3 63.2
g CC.MF 59.4 53.8 65.1 65.7 65.8 70.8|65.6 64.8 69.3 60.0 61.6 66.6
A BP.CC.MF 60.7 69.2 57.7 75.1 56.7 66.5/69.3 63.3 58.2 50.8 54.5 63.1
BP 54.4 441 68.8 67.3 59.1 67.9[47.5 47.1 60.3 44.2 56.0 59.5
5 CC 50.4 44.8 60.6 58.3 61.9 69.4|45.2 42.7 48.1 45.2 56.7 54.6
Z MF 62.7 47.4 62.8 65.8 61.1 67.9|47.6 38.8 65.4 53.0 65.9 66.1
% BP.CC 55.0 43.6 67.7 69.1 67.4 69.2|45.6 50.0 57.4 52,7 57.5 53.3
£ BP.MF 63.6 50.0 66.6 68.4 54.4 69.9|51.8 44.7 60.4 45.7 58.2 63.0
s CC.MF 54.0 46.3 62.2 68.1 62.7 67.3|44.0 50.4 63.9 51.7 53.9 64.0
BP.CC.MF 63.1 47.1 65.5 70.5 60.6 71.2|49.6 53.8 61.8 52.4 56.2 62.9
BP 64.8 50.2 52.1 68.8 69.1 61.6[50.9 50.2 51.4 442 38.4 b7.2
e CC 46.2 0.0 33.1 47.8 42.2 59.9( 0.0 15.6 33.3 36.8 38.9 38.3
£ MF 26.1 26.3 26.3 42.8 31.9 54.6(26.3 26.3 21.1 38.5 36.2 34.0
o BP.CC 65.2 47.7 59.0 67.4 62.5 58.1(52.3 55.7 45.9 417 435 495
Y BP.MF 61.8 43.6 49.8 68.3 58.1 63.1|38.4 43.6 49.6 41.4 445 65.8
»i CC.MF 36.7 26.2 46.4 57.4 464 66.2(26.2 26.2 21.0 41.0 38.5 46.5
BP.CC.MF 61.4 47.6 57.1 66.4 62.4 58.4|40.6 47.3 46.4 35.4 43.8 62.0
weets 70.6 70.8 63.1 73.0 71.8 .6[74.8 68.8 64.2 725 722 .
© Tweets C 87.6 89.4 89.7 72.6 77.8 94.8|91.9 885 0.0 84.2 84.1 95.0
2 NY Daily 48.7 438 39.1 52.4 49.8 56.6(49.0 429 41.8 52,1 52,5 52.6
& Std.upon 67.1 67.3 68.2 66.4 66.4 70.7|71.9 66.7 68.8 70.5 71.3 71.1
Cities 59.5 55.0 66.0 86.1 73.9 71.8|56.8 56.3 57.5 61.1 58.2 61.4
Avg. Rank 4.1 4.7 4.2 25 36 1934 41 38 45 32 20
#Win 0.0 1.0 1.0 9.0 1.0 21.0/6.0 2.0 3.0 2.0 3.0 17.0

Naive Bayes: {RPV} > {CFS, ReliefF, SHSEL and MR}
1-NN: {RPV} > {CFS, ReliefF, SHSEL, HIP and MR.}

5.8.2 Comparison against state-of-the-art feature selection methods

In this experiment, the RPV method is evaluated against two non-hierarchical fea~
ture selection methods: CFS (using WEKA'’s default parameters, with best first
search) and Reliefl’ (with a threshold set to 0.01); and three recent hierarchical
feature selection methods: SHSEL (using Information Gain, with a threshold set
to 0.99), HIP and MR, which were reviewed in Section 3. The MR method could
also employ the LazyR instead of the original R measure. However, previous ex-
periments (not reported here) have shown that the R measure is the best relevance
measure to MR. So, we use the original MR with R in the following experiments.

Table 4 shows that RPV achieves both the best average rank and the high-
est number of wins for both NB and 1-NN, in terms of AUCPR. For NB, the
Holm post-hoc test indicates that RPV is statistically better than CFS, Reliefl’
and SHSEL. There was no statistical difference between RPV and HIP, nor be-
tween RPV and MR, however RPV was the winner in 15 datasets, while HIP was
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the winner in 12 datasets and MR in just one dataset. For 1-NN, the Holm test
indicates that RPV is significantly better than CFS, ReliefF and HIP.

Table 5 shows that RPV achieves both the best average rank and the highest
number of wins for both Naive Bayes and 1-NN, in terms of GM. For NB, the
Holm post-hoc test indicates that RPV is statistically superior to two hierarchical
methods, SHSEL and MR, as well as superior to the non-hierarchical CFS and
ReliefF. There was no significant difference between RPV and HIP methods, but
RPV was the winner (highest GM) in 21 datasets, whilst HIP was the winner in 9
datasets. For 1-NN, the post-hoc test indicates that RPV is statistically superior
to all other methods in terms of GM.

Note that there is a large difference of performance between RPV and HIP.
RPYV achieves a higher number of wins and a better average rank than HIP in all
experiments reported in Tables 4 and 5.

Summarizing, using both AUCPR and GM measures, and both Naive Bayes
and 1-NN classifiers, RPV achieved better average rank and higher number of wins
than the traditional feature selection methods CFS and ReliefF, and also than the
hierarchical methods SHSEL, HIP and MR. In all comparisons RPV is statistically
superior to CFS and ReliefF. When compared to SHSEL, HIP> and MR, in some
cases, the differences were not statistically significant, however, in all these cases,
RPYV clearly outperformed the hierarchical methods in terms of average rank and
number of wins.

5.8.3 Running time performance

Figure 2 shows the results of the experiments which measure the runtime of the
methods on a computer with 4 GB of RAM and an Intel Core i5 1.6GHz CPU.
Subfigure 2(a) shows the average training time, i.e., the time required for selecting
features and building the Naive Bayes model for eager methods; and for lazy
methods, the time required for pre-computing the probabilities used by Naive
Bayes and computing for each feature in the dataset: the ancestors and descendants
(for HIP and RPV), the paths from a feature to root and leafs (for MR) and the
relevance value (for MR and RPV). Subfigure 2(b) shows the average testing time,
i.e., the time required for classifying one instance with Naive Bayes or 1-NN for
the eager methods, and the time required for feature selection and classifying one
instance for the lazy methods. The runtimes reported in Figure 2 were averaged
over the 33 datasets.

CFS, ReliefF and SHSEL are eager methods and find a unique subset of features
during the training step which will be used to classify all test instances, while the
lazy methods HIP, MR and RPV find a subset of features for each test instance
in the classification step. Hence, as can be observed in Figure 2, CFS, ReliefF and
SHSEL have the worst training times and the best test times. On the other hand,
HIP, MR and RPV have the lowest training times and the highest test times. Note
that our proposed RPV method is, in general, the fastest among the lazy methods.

5.8.4 An analysis of the worst-case time complexity of RPV

The worst-case time complexity of RPV can be calculated as follows. First of all,
note that, in the worst case scenario, the feature DAG has N nodes (features) and
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Fig. 2: Average training and test times for CFS, ReliefF, SHSEL, HIP, MR and
RPV methods.

NN=1) edges. l.e., each feature is linked to all features but its own descendants.

Hence, line 2 of Algorithm 1 has worst-case time complexity O(N), but this line
is executed N times since it is within a for loop, which takes O(N?). Line 3 of
Algorithm 1 requires the value of the LazyR (Lazy Relevance) measure for each
feature, which is precomputed before Algorithm 1 is run, with a time complexity
of O(N.M), where N is the number of features and M is the number of training
instances. The time taken by lines 3 and 4 are constant (simple assignment),
and therefore they can be ignored in the analysis, since their time complexity
is dominated by the one of line 2. During RPV’s feature elimination procedure,
performed by the nested loop starting in line 6, in the worst case, in line 9 the
relevance value of the most specific feature is compared to the relevance of N — 1
ancestors, the second most specific feature is compared to N — 2 ancestors and
so on, until all features have been evaluated. The other lines in the nested loop,
lines 10 and 14, do not change the time complexity associated with this loop. In
total, in the worst case, the nested loop starting at line 6 of Algorithm 1 performs
N(N=1) . . 2

——— comparisons, i.c., O(N?).

Hence, in addition to the time O(N.M) to pre-compute all LazyR values, Algo-
rithm 1 takes O(N?)+O(N?), which in total is O(N M+ N?). Note that Algorithm
1 is executed once for each test instance to be classified. Hence, the total worst-case
time complexity of the RPV feature selection method is O(N.M + t.N?), where
N is the number of features, M is the number of training instances, and ¢ is the
number of test instances to be classified.

Note, however, that in practice the time taken by RPV tends to be much
smaller than suggested by this worst-case analysis, because in practice the num-
ber of ancestors of each feature is usually much smaller than the theoretical max-
imum of N —1 (a key assumption in the above analysis). For instance, in dataset
DM-BP.CC.MF, which has 1714 features, the feature with the largest number of
ancestors has only 6 ancestors.
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Table 6: Average percentage of features selected by CFS, Reliefk, SHSEL, HIP,
MR, All-Neg, All-Pos, RPV-R, RPV-IG and RPV.

ataset elie -Neg All-Pos -| -

BP 464 1230 1.64 7.02 17.78 9558 4.42 1.69 191 1.68
v CcC 8.88 9.95 4.61 16.29 33.56 93.91 6.09 2.80 2.98 275
g MF 10.23  8.33 2,97 11.27 23.68 95.31  4.69 2.55 2.86 2.48
o BP.CC 4.00 1222 191 8.00 20.20 95.61 4.39 2.01 1.92 171
® BP.MF 4,67 11.00 1.88 7.50 18.92 98.44 4.21 1.56 1.89  1.69
O CC.MF 7.77 9.95 3.34 12,28 28.03 95.49  4.60 2.66 230 2.25

BP.CC.MF 3.87 11.24 2.03 825 20.91 095.78 4.22 1.56 1.93 175
BP 3.71 18.98 12.46 11.88 22.68 91.80 8.20 5.20 477  4.23
CcC 13.71 38.89 15.28 21.67 35.08 88.09 11.91 6.50 6.29 5.78
MF 8.84 38.36 14.11 15.42 22,58 93.01 6.99 4.50 4.44 475
BP.CC 3.54 1854 12.84 12.73 23.78 91.57 8.43 3.53 3.90 4.23
BP.MF 9.28 20.82 12,60 12.33 22,52 92.07 7.93 3.47 3.77 417
. 7.77 4213 1468 17.52 27.71 91.49 8.1 4.36 4.90 4.92
BP.CCMF 6.14 22,71 12,89 13.07 23,59 0901.81 8.19 3.60 3.93 4.27
BP 12.75 25.81 15.18 11.67 21.47 89.44 10.56 4.00 470 451
CcC 10.91 36.11 18.11 28.36 32.65 83.98 16.02  8.99 9.45 8.43
MF 7.50 28.22 16.00 20.10 25.18 90.65 9.35 6.55 571 6.15
BP.CC 12,65 27.32 15,52 13.27 22,53 88.93 11.07 4.94 495  4.86
BP.MF 12,53 25.87 15.54 12,90 22,09 89.66 10.34 4.88 463 472
CC.MF 16.25 33.42 17.90 22.88 27.84 88.41 11.59  6.99 6.78  6.76
BP.CC.MF 1252 26.76 15.80 14.18 22.91 89.20 10.80 5.55 5.05 5.01
BP 3.58 3586 291 6.98 17.85 94.77 5.23 1.27 193 226
CcC 15.17 36.30 4.90 19.70 33.31 90.64 9.36 6.05 5.17  5.92
MF 12.94 43.24 3.12 10.84 2598 94.73  5.27 3.80 2.95 3.37
. 3.44 3556 3.21 8.85 20.14 94.15 5.85 2.87 2,36 2.80
BP.MF 3.37 3715 296 7.78 19.56 94.75 5.25 2.56 2,14 249
CC.MF 8.60 3896 3.84 14.39 28.96 93.09 6.91 4.60 472 4.39
BP.CC.MF 3.13 37.41 3.20 9.22 21.22 94.25 5.75 2.98 3.05 291

M. musculus |D. melanogaster|
o)
(@)
<
T

S. cerevisae
@
o
0
le)

Tweets T 4.26  8.00 4.05 10.05 36.83 98.19 1.81 0.90 107 0.89
® Tweets C  2.06 13.27 48.56 39.01 43.11 98.98 1.02 0.83 0.85 0.82
2 NY Daily 8.80 1.92 5.31 14.68 2031 97.79 2.21 1.24 1.15 1.04
& Stb.upon 236 5.07 26.16 30.39 63.80 98.83  1.17 0.92 0.92 0.79
Cities 17.96 24.27 29.03 45.91 59.68 76.26 23.84 10.65 10.62 10.57
#Win 1.0 0.0 3.0 0.0 0.0 0.0 0.0 8.0 6.0 15.0
Avg. 8.12 23.72 11.05 15.65 27.46 92.62 7.46 3.83 3.81  3.80

5.8.5 Evaluating the feature space compression

The selection of a small subset of relevant features for each instance may improve
the interpretability of the model’s predictions, since only relevant features are
used to justify each prediction. So, we report the percentage of features selected
by each method in Table 6. Again, the table’s first two columns show the feature
hierarchies (GO term types) used to build the datasets and the name of the general
domain datasets. The following columns show the percentage of features selected
by each method. The last two rows show the number of wins (#Win) and the
average percentage of features selected (Avg.) across all 33 datasets.

The results show that, in general, the three RPV versions (with three distinct
relevance measures) select a feature subset smaller than the one selected by all
other seven methods. RPV (with the LazyR measure) selects, on average, only
3.80% of all features, whilst achieving the highest predictive accuracy in general.
Note that the percentage of features selected by RPV is about a half of those
selected by All-Pos. It means that not all positive feature values are relevant and
that the correct identification of relevant positive feature values increases the pre-
dictive accuracy of Naive Bayes and 1-NN. In this work, we introduced the LazyR



Prioritizing Positive Feature Values: a New Hierarchical Feature Selection Method 21

measure to identify such features. Although the HIP method (which selects the set
of the most specific positive-valued features and the most general negative-valued
features) achieved a good predictive performance, the RPV method obtained both
a higher predictive performance and a much smaller selected feature subset.

6 Conclusion and Future Work

This paper presented a novel lazy method for hierarchical and sparse feature selec-
tion based on the hypothesis that positive feature values provide more meaningful
and accurate information, even though they are present to a small extent in each
instance. Our method, named Select Relevant Positive Feature Values (RPV), has
some interesting properties: (i) it selects rare but informative and relevant positive
features; (ii) it selects smaller feature subsets; and (iii) it is based on a new lazy
feature relevance measure (LazyR) which assesses the predictive power of a feature
value specifically in the current test instance being classified.

The computational experiments involved 33 real-world datasets and four differ-
ent classification scenarios, namely four combinations of two different classification
algorithms (Naive Bayes and 1-NN) times two different predictive accuracy mea-
sures (AUCPR and the Geometric Mean of Sensitivity and Specificity). The results
of these experiments have shown that the proposed RPV method obtained in gen-
eral the best predictive accuracy across those four classification scenarios. More
precisely, a statistical significance test was used to compare RPV against each
of 10 other feature selection approaches, in each of the above four classification
scenarios; and the results of that test have shown that RPV obtained predictive
accuracies statistically significant better than another feature selection approach
in 28 out of the 40 cases. In addition, in none of those cases RPV’s predictive
accuracy was significantly worse than the accuracy of any other feature selection
approach. Furthermore, RPV selected in general the smallest subset of features,
among all evaluated feature selection methods. This is also desirable, since each in-
stance is classified using its own small set of relevant features; hence each instance’s
classification is justified by a more specific feature subset, improving prediction in-
terpretability.

In addition, the hypothesis that selecting positive feature values might increase
the predictive accuracy of the classifier (mentioned earlier) is supported by two
types of results. First, the fact that RPV, which selects only a subset of positive
feature values (i.e., it never selects negative feature values) obtained by far the best
predictive accuracy results. Second, the fact that the results of the All-Pos baseline
method, which selects all positive feature values (and no negative values) were
clearly better than the results of the All-Neg method, which selects all negative
feature values (and no positive values), as discussed in Section 5.3.1.

In future work, we plan to evaluate the behaviour of the proposed RPV method
in each application domain analysing the usefulness of the selected features with
the assistance of specialists from those domains.
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Table A.1: Results from the statistical analysis of the experiments presented in
Section 5.3.1 and Section 5.3.2.

AUCPR (Results for Table 2)

Naive Bayes 1-NN
Methods Avg. Rank p-value adjusted o Sig?[Methods Avg. Rank p-value adjusted a Sig?
RPV 2.5 RPV 2.4
RPV-IG 2.8 5.15E-01 0.017 No | RPV-R 2.4 8.28E-01 0.017 No
RPV-R 3.3 1.65E-02 0.017 Yes | RPV-IG 2.8 7.70E-01 0.017 No
All-Pos 3.5 1.11E-03 0.017 Yes | All-Pos 3.2 2.47E-01 0.017 No
No FS 3.7 1.22E-02 0.013 Yes | No FS 5 5.00E-05 0.013 Yes
All-Neg 5.2 5.00E-05  0.010 Yes | All-Neg 5.2 5.00E-05 0.010 Yes
Friedman's X7 = 42.05 (Yes) Friedman's X7 = 76.75 (Yes)
GM (Results for Table 3)
Naive Bayes 1-NN
Methods Avg. Rank p-value adjusted a Sig? | Methods Avg. Rank p-value adjusted a Sig?
RPV 1.9 RPV 2.9
RPV-R 3 1.69E-02 0.050 Yes | All-Pos 2.8 1.00E+00 0.017 No
RPV-IG 3.1 9.18E-03 0.025 Yes | RPV-R 2.9 1.00E+00 0.017 No
All-Pos 3.4 1.13E-03 0.017 Yes | RPV-IG 3 1.00E+00 0.017 No
No FS 3.7 9.30E-05  0.013 Yes | No FS 3.7 1.27E-02 0.013 Yes
All-Neg 6 1.00E-05 0.010 Yes | All-Neg 5. 5.00E-05 0.010 Yes
Friedman’s X7 = 94.00 (Yes) Friedman’s X7 = 70.62 (Yes)
AUCPR (Results for Table 4)
Naive Bayes 1-NN
Methods Avg. Rank p-value adjusted o Sig?[Methods Avg. Rank p-value adjusted a Sig?
RPV 2.1 RPV 2.1
HIP 2.2 8.34E-01 0.017 No | SHSEL 2.8 1.29E-01 0.025 No
MR 3 1.00E-01  0.017 No MR 3 1.02E-01 0.025 No
SHSEL 3.2 1.62E-02 0.017 Yes HIP 3.3 1.40E-02 0.017 Yes
CFS 5 5.00E-05 0.013 Yes CFS 4.5 5.00E-05 0.013 Yes
ReliefF 5.5 5.00E-05  0.010 Yes | ReliefF 5.2 5.00E-05 0.010 Yes
Friedman’s X7 = 96.55 (Yes) Friedman's X7 = 55.91 (Yes)
GM (Results for Table 5)
Naive Bayes 1-NN
Methods Avg. Rank p-value adjusted a Sig? [ Methods Avg. Rank p-value adjusted a Sig?
RPV 1.9 RPV 2
HIP 2.5 1.94E-01 0.050 No MR 3.2 9.32E-03 0.050 Yes
MR 3.6 4.48E-04 0.025 Yes CFS 3.4 4.89E-03 0.025 Yes
CFS 4.1 5.00E-05  0.017 Yes | SHSEL 3.8 2.88E-04 0.017 Yes
SHSEL 4.2 5.00E-05  0.013 Yes | ReliefF 4.1 5.00E-05 0.013 Yes
ReliefF 4.6 5.00E-05 0.010 Yes HIP 4.5 5.00E-05 0.010 Yes
Friedman's X7 = 46.48 (Yes) Friedman's X7 = 35.83 (Yes)

Appendix A - Statistical Analysis

This appendix shows more detailed results of the statistical analysis for the experiments re-
ported in Sections 5.3.1 and 5.3.2. Table A.1 shows the detailed results of the Friedman test
and the Holm post-hoc test. This table is organized as follows. Each one of the four parts
of the table shows the results of the statistical test from a different table in the results Sec-
tion (5.3.1 or 5.3.2). The left-handed side of each part shows the statistical results for the
Naive Bayes classifier, while the right-handed side shows the results for the 1-NN classifier.
The five columns in the left and right parts of the Table represent, respectively, the method’s
name, its average rank, the p-value obtained by the Holm test, the adjusted o and whether
or not the comparison between RPV and the given method is statistically significant (Sig?)
according to the Holm post-hoc test. The last row in each of the four parts of the table shows
the value of the computed Friedman’s statistic (X;) and whether or not the test’s result is
statistically significant.

For the Friedman test, a significant difference is found when the value of X2 is greater

than the critical value of 12.83 (this number is defined for the comparison with k = 6 methods,
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n = 33 datasets and 5% of significance level). We first run the Friedman test to verify if there
is a significant difference among those k methods’ results. After that, if the result of the Fried-
man test is statistically significant, we execute the Holm test to identify the pair of methods
with statistically different results. Since the value of each one of the eight comparisons shown
is greater than the critical value, we can say that all experiments have detected significant
differences among at least one pair of methods. So, we applied the Holm test to all scenarios.
Likewise, the results presented for the Holm test are statistically significant when the p-value
is lower than the adjusted o. Both the p-value and the adjusted a were internally calculated
by the Holm test.
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Abstract

Feature selection methods have been widely adopted to pre-
pare high-dimensional feature spaces for the classification
task of data mining. However, in many real-world datasets,
the feature space is formed by binary features related via
generalization-specialization relationships, also known as hi-
erarchical feature spaces. Although there are many meth-
ods for the traditional feature selection problem, methods
which properly consider hierarchical features are still very
underexplored. In this work, we propose a novel genetic
algorithm (GA) for hierarchical feature selection. The pro-
posed GA has two novel hierarchical mutation operators tai-
lored to deal with redundant features in hierarchical fea-
ture spaces. The computational experiments show that our
proposed approach exhibited better predictive performance
than two state-of-the-art hierarchical feature selection meth-
ods (SHSEL and HIP) and also than two traditional feature
selection methods (Relie(l’ and CF'S).

Keywords: Hierarchical Feature Spaces, Feature Selection,
Genetic Algorithms, Classification, Bioinformatics.

1 Introduction

Classification is one of the most important tasks in the
data mining field [23]. In this task a previously trained
classification model automatically assigns a class label
to a new instance, based on the values of its features.
In many interesting real-world problems, each instance
is formed by a set of hierarchically organized binary
features. In other words, in each instance, a feature
value is deemed positive (negative) when the property
associated with the feature has been (has not been)
observed for that instance. Besides, such features are
related via generalization-specialization relationships,
characterizing hierarchical feature spaces [7, 12, 16, 18,
19, 20, 21]. In a generalization-specialization hierarchy,
for any given instance ¢, if a feature x has positive
value in ¢, denoted (z = 1), then all ancestors of z
in the feature hierarchy also have positive value in t.
In contrast, if a feature x has negative value in ¢,
denoted (z = 0), then all descendants of z in the feature
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hierarchy also have negative value in t.

One example of data often characterized by hierar-
chical feature spaces is biological data [18, 19, 20]. For
instance, in this work we address the problem of hier-
archical feature selection on datasets of ageing-related
genes [2]. Ageing is a complex biological process that
affects nearly all animal species, even though it is still
poorly understood [14]. However, the increasing amount
of available ageing-related data allows the use of data
mining methods to discover novel patterns that could
improve the understanding of the biological ageing pro-
cess. In the datasets explored in this work, each instance
represents a gene, and each gene is associated with terms
derived from the Gene Ontology [17], as described later.
In these datasets, a general feature (e.g., reproduction)
would be the ancestor of more specific features (e.g.,
asexual reproduction).

Real-world datasets often have a large number of
features, many of which can be redundant (highly corre-
lated with other features) or irrelevant for classification
(having no significant correlation with the class vari-
able). The problem of redundant features, in partic-
ular, is a recurrent issue in hierarchical feature spaces,
since hierarchically related features (i.e., features on the
same path within the hierarchy) tend to be highly corre-
lated (redundant) with each other, as will be seen later.
Hence, by removing hierarchically redundant features in
a data preprocessing phase one can improve the classi-
fier’s predictive accuracy, speed up the learning process
and improve the interpretability of the classifier.

Existing hierarchical feature selection methods [7,
12, 16, 18, 21] usually find a suitable feature subset by
keeping features with good relevance values and remov-
ing redundancy among hierarchically related features.
However, none of the existing methods employs an ef-
fective search method; they just use a simple criterion
for removing hierarchically redundant features.

In this work, we introduce a new genetic algo-
rithm (GA) with two mutation operators specifically de-
signed to cope with hierarchically redundant features,
in order to increase predictive accuracy. These muta-
tion operators are based on two principles: (i) exploit-
ing generalization-specialization relationships among

Copyright © 2018 by SIAM
Unauthorized reproduction of this article is prohibited



the features; and (ii) removing hierarchical redundancy
among the features. In essence, the proposed mutation
operators attempt to reduce the number of hierarchi-
cally redundant features by assigning to each feature in
a candidate feature subset a different probability of mu-
tation. This probability is determined by the degree of
correlation among hierarchically redundant features.

Experiments showed that the proposed GA
achieved better predictive accuracy than two traditional
and two hierarchical feature selection methods.

The remainder of this work is organized as follows.
Section 2 reviews essential concepts of feature selection
for classification, hierarchical feature spaces and genetic
algorithms. Section 3 describes the related work. Our
novel genetic algorithm is introduced in Section 4.
Section 5 introduces the two novel mutation operators
based on the hierarchy of features. In Section 6, we
report the computational results. Finally, Section 7
presents the conclusions.

2 Background

2.1 Feature Selection for Classification The pre-
dictive accuracy of classifiers is significantly influenced
by the quality of the input features [10, 11]. The main
goal of feature selection methods is to increase predic-
tive accuracy by selecting a subset of features that are
relevant for classification and non-redundant (with little
or no correlation among the features).

Feature selection methods can be divided into em-
bedded, filter and wrapper methods [10, 11]. Embedded
methods select features during the training of the classi-
fier; whilst wrapper and filter methods are used in a data
preprocessing phase. Filter methods evaluate the qual-
ity of a feature subset using specific measures, without
using the target classification algorithm. By contrast,
wrapper methods evaluate the quality of a feature sub-
set by measuring the predictive accuracy of a classifier
built using that subset. Hence, wrapper methods se-
lect a feature subset tailored specifically for the target
classification algorithm, which increases the chances of
maximizing predictive accuracy for that algorithm. We
follow the wrapper approach in this work.

2.2 Feature Selection and Hierarchical Spaces
We use the following notation. The i-th instance of
a dataset D consists of a d-dimensional vector of bi-
nary features (z;1,%s2,....%q), 255 € {0,1} for all
1 < j <d. In this work the feature set X of D is a hier-
archical feature space, more precisely a Direct Acyclic
Graph (DAG), where each vertex (node) represents
a feature and each edge represents a generalization-
specialization relationship between two features. An
edge (X, — Xp) shows that feature X, is a parent of

feature X, and conversely X is a child of X,. More
generally, a feature X, is an ancestor (descendant) of
a different feature X if and only if there is a sequence
of edges leading from X, to X, (from X; to X,) in
the feature DAG. In generalization-specialization hier-
archies (“IS-A hierarchies”), for each instance ¢, if a fea-
ture 2 has positive value in ¢ (z = 1), then all ancestors
of x in the hierarchy also have positive values in ¢t. In
contrast, if a feature « has negative value in ¢t (z = 0),
then all descendants of x in the hierarchy also have neg-
ative values in {. Note that IS-A hierarchies lead to
hierarchical redundancy among features, since a spe-
cific feature value logically implies the values of all its
ancestors or descendants, as explained above.

Hierarchical feature selection methods are a special
case of feature selection methods that exploit charac-
teristics of the feature DAG to improve the predictive
accuracy of classifiers. This is typically done by remov-
ing hierarchically redundant features [16, 19)].

2.3 Genetic Algorithms (GAs) A GA is a
stochastic search method inspired by Charles Darwin’s
natural evolution theory [15]. A GA works with a pop-
ulation of individuals (candidate feature subsets in this
work) that iteratively undergo selection and modifica-
tion, evolving towards a good solution for a given prob-
lem. In essence, a GA works as follows. First, an
initial population of individuals is randomly created.
Then, the quality of each individual is evaluated by
a fitness function. At each generation (iteration), the
best individuals (those with the highest fitness values)
are selected more often for reproduction. The selected
individuals undergo genetic operations, like crossover
(which combines parts of two individuals to create a
new individual) and mutation (where a small part of
an individual is replaced according to a randomly gen-
erated value). The reproduction process produces off-
spring which will replace the parents, creating a new
generation of individuals which are expected to be bet-
ter than the previous generation’s individuals. This pro-
cess is repeated until a stopping criterion (e.g., a fixed
number of generations) is satisfied.

3 Related Work

Traditional (non-hierarchical) feature selection methods
— e.g., Correlation-based Feature Selection (CFS) [4]
and ReliefF [8] — can be employed in hierarchical fea-
ture spaces by completely ignoring the structure of the
feature hierarchy, i.e., treating the features as a flat set
of features. However, this is a naive approach to cope
with hierarchically redundant features. When the fea-
ture space is hierarchical, intuitively the use of hierarchi-
cal feature selection methods is more likely to effectively
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cope with hierarchically redundant features, by exploit-
ing the generalization-specialization relationships in the
feature hierarchy. Next, we briefly review existing hier-
archical feature selection methods.

SHSEL [16] is based on the principle that, if there
is an edge between two features in the hierarchy (i.e.,
one is a parent of the other), in general they are highly
correlated and tend to be redundant for classification.
Hence, for each pair of features connected by an edge in
the hierarchy, SHSEL removes the most specific (child)
feature if the correlation between those two features
is above a user-defined threshold. Next, using only
the remaining features, for each path in the feature
hierarchy, SHSEL keeps the features with relevance
higher than the average relevance of features in that
path. A related method, Greedy Top-Down search
strategy (GTD) [12], selects the features with the
highest relevance value in each path from each leaf
to the root node in the hierarchy. Moreover, Tree-
Based Feature Selection (TSEL) [7] has been used in
the special case of tree-structured (rather than DAG-
structured) features. A recent work showed that SHSEL
achieved better results than TSEL and GTD [16]. Thus,
TSEL and GTD are no longer considered in this work.

Some hierarchical feature selection methods follow
the lazy learning paradigm, selecting a different feature
subset for each new test instance to be classified. Such
lazy methods are the Select Hierarchical Information-
Preserving Features (HIP) method [19], the Select Most
Relevant Features (MR) method [19], and the hybrid
HIP-MR method [18, 19]. Since the HIP method
obtained better results than MR and HIP-MR in [21],
hereafter we only consider the HIP method.

For each new instance to be classified, HIP se-
lects the subset of the most specific positive-valued fea-
tures (which imply their ancestors) and the most gen-
eral negative-valued features (which imply their descen-
dants). As a result, the values of the features selected
by HIP for an instance imply the values of all other
features for that instance, so that this method com-
pletely removes the hierarchical redundancy in the orig-
inal feature set. Actually, HIP selects only features
whose values are non-hierarchically redundant, i.e., fea-
tures whose values cannot be inferred from the values of
other features. However, HIP has the limitation of not
explicitly taking into account the relevance (the degree
of correlation with the class variable) of the features.

Note that all above methods follow the filter ap-
proach. Our proposed GA seems to be the first hier-
archical feature selection method based on the wrapper
approach.

In this work, we compare our proposed methods
against the state-of-the-art hierarchical feature selection

methods HIP and SHSEL, as well as against the tradi-
tional feature selection methods CFS and ReliefF.

4 A Novel Genetic Algorithm for Feature
Selection in Hierarchical Feature Spaces

The problem of redundant features is a recurrent issue
in the classification task. In datasets with hierarchical
features, the structure of the feature space can be used
to mitigate this matter through the elimination of hi-
erarchically connected features. In fact, this removal is
performed by all hierarchical feature selection methods
proposed so far. However, none of these methods em-
ploy an effective heuristic search to deal with this prob-
lem. So, in this work, we propose a new genetic algo-
rithm (GA), named Genetic Algorithm for Hierarchical
Feature Selection (GA-HFS). We focus on GAs because
they perform a global search, less likely to get trapped in
local optima than local search methods [3, 15]; and they
have been successfully employed in non-hierarchical fea-
ture selection [3, 22].

GA-HF'S uses new mutation operators to guide the
search towards feature subsets with few hierarchically
redundant features. These mutation operators use the
hierarchical structure of the feature space to determine
the value of a biased mutation probability for each
feature — i.e., the probability of changing a feature’s
status from sclected to non-sclected.

4.1 Individual Representation Individuals are
represented by d-dimensional binary vectors (using the
value 1 for selected features and 0 for non-selected fea-
tures), where d is the number of features in the dataset.
Figure 1 shows an example of an individual representa-
tion. Each letter from A to N represents a feature in
the hierarchy, and an edge represents a generalization-
specialization relationship — e.g., the edge from A to B
shows that A is a parent of B. Nodes in black (white)
represent selected (non-selected) features.

A'B € B

F GHI I KLMN

Lo IR o To To To I o TEIENY o ]

Individual Representation

Figure 1: Example of an individual representation used
by the proposed GA-HFS.
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4.2 Fitness Function This function evaluates the
quality of a feature subset. We employ a lexicographic
multi-objective fitness function. In this approach, two
or more objectives are taken into account to measure
the fitness of each individual, where each objective has
a distinct predefined priority. GA-HFS’ lexicographic
fitness function has two objectives: to maximize predic-
tive accuracy (higher priority), measured by the Geo-
metric Mean (GM) of Sensitivity and Specificity [6] of
the classifier; and to minimize the number of selected
features (lower priority). This latter objective is used
only as a tie-breaking criterion in tournament selection
— described below. The GM is computed by an inter-
nal 5-fold cross-validation procedure on the training set,
since we follow the wrapper approach [3].

4.3 Elitism This procedure preserves the ¢ (a param-
eter) best individuals from the previous generation.

4.4 Selection Procedure At ecach generation (iter-
ation), tournament selection [15] is used to select indi-
viduals to act as parents for the crossover and mutation
operators. Tournament selection randomly samples k
individuals from the population, where k (the tourna-
ment size) is a user-defined parameter. These individu-
als play a tournament based on the lexicographic multi-
objective approach. That is, if an individual has a GM
value higher than the others in the tournament, the for-
mer is selected as the tournament winner. Otherwise
(i.e., the individuals in the tournament have the same
GM value), to break the tie, the tournament winner is
the individual with the smallest number of selected fea-
tures. Tournament selection is performed as many times
as needed to produce new individuals (for the next gen-
eration), until reaching the fixed population size.

4.5 Crossover Operation Each pair of individu-
als (parents) selected by a tournament can undergo
crossover to create two child individuals. GA-HFS uses
uniform crossover. For each position in the feature vec-
tor of the two parents, this operator randomly decides
if the binary values in that position remain the same in
each parent or are swapped between the two parents.
The crossover operator is performed with a given user-
defined probability.

4.6 Mutation Operation GA-HFS has two new
biased mutation operators (introduced in the following
section), which exploit the hierarchy of features to
generate new individuals.

4.7 Stopping criteria GA-HFS runs until a fixed
number of iterations has been performed or until the

algorithm converges (i.e., there is no difference between
the population’s highest and lowest fitness values).

5 One Standard Mutation and Two Novel
Hierarchical Mutation Operators

Mutation operators randomly replace the value of a
gene (indicating whether or not a feature is selected) in
an individual. Mutation contributes to more diversity
in the population, because it can introduce new gene
values that do not occur in any individual of the
population. The mutation probability is a user-defined
parameter (in general a relatively small value) defining
the probability of mutating each gene in an individual.
We propose three versions of GA-HFS, using three
mutation operators (one operator per GA-HF'S version):
a standard mutation and two novel ones, as described
next.

5.1 Bitwise Mutation This is the most common
mutation operator for binary representation. This
operator simply flips the bit value of a gene in an
individual with a user-defined mutation probability.
Le., it flips a gene value from a selected feature (1) to a
non-selected feature (0) or vice-versa.

5.2 Simple Hierarchical Elimination (SHE)
Mutation The new Simple Hicrarchical Elimina-
tion (SHE) mutation operator is a modified version of
bitwise mutation with biased mutation probabilities, as
explained below. It relies on the assumption that a
feature subset with a large amount of hierarchical re-
dundancy often decreases predictive accuracy [12, 16].
The SHE mutation aggressively removes hierarchically
redundant features from a feature set. Hence, after ap-
plying this operator, the reduced feature subset is ex-
pected to have fewer hierarchically redundant features
and consequently a higher fitness value.

The SHE mutation is described in Algorithm 1.
It works by assigning to each feature f in the input
individual a mutation probability value that depends
on the selection status of that feature and its ances-
tors/descendants in the individual. If f is marked as
selected and any of f’s ancestors/descendants is also se-
lected (involving hierarchical redundancy), then f will
mutate with a biased probability (bp) — lines 2 and 3
of the algorithm. If the mutation is applied, it will
remove feature f, changing its status from selected to
non-selected. If the condition in line 2 is not satisfied,
then f will mutate with a standard probability (sp) —
lines 4 and 5. Both sp and bp are user-defined param-
eters, where bp should be higher than sp. Hence, the
probability of removing a currently selected feature with
at least one currently selected ancestor/descendant is
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greater than the probability of changing the status of
other features in an individual. During the GA run, the
SHE operator is applied many times, reducing the num-
ber of redundant features in the individuals at each gen-
eration. Therefore, in the long run, it is expected that
individuals with relatively few hierarchically redundant
features and higher values of fitness will be present in
the last generation’s population.

Algorithm 1 Simple Hierarchical Elimination (SHE)
Mutation

Input : an individual, bp (biased probability value) and sp
(standard probability value)

Output: a mutated individual

1: for each gene (feature) f € individual do
2: if f is selected and f has selected ances-
tors/descendants then

3: Mutate f with biased probability bp

4:  else

5: Mutate f with standard probability sp
6: end if

7: end for

5.3 Correlation-based Hierarchical Elimination
(CbHE) Mutation The second new mutation oper-
ator follows the same basic principle of SHE, i.e., it
sets biased mutation probabilities in order to reduce
the number of hierarchically redundant selected features
and to try to achieve a higher predictive accuracy. Note,
however, that although SHE favors feature elimination
from a candidate feature subset, it does not consider the
actual degree of correlation between features. Hence,
the second new operator, named Correlation-based Hi-
erarchical Elimination (CbHE) mutation, attempts to
guide the search towards a good candidate solution by
setting biased mutation probabilities for the individual’s
selected features based on the correlation between fea-
tures in the hierarchy.

CbHE assigns mutation probabilities as follows.
First, it assigns to each non-selected feature in the
individual a standard probability value. Second, it
assigns to each gene marked as selected in the individual
a biased mutation probability based on the correlation
level between the feature and its ancestors/descendants
also marked as selected in the individual.

The basic idea is that if a feature marked as se-
lected in an individual is strongly (weakly) correlated
with its ancestors/descendants also marked as selected
in that individual, then the probability of mutating the
feature’s status to non-selected should be high (low).
Note that, like in the SHE mutation, the decision to use
a biased or standard mutation probability in the ChHE
mutation varies not only across features, but also across

individuals. The goal is evolving the population towards
candidate solutions with few hierarchically redundant
features. However, in SHE the biased mutation prob-
ability value is fixed throughout the GA run, whereas
CbHE dynamically computes the biased mutation prob-
ability values in a data-driven way.

CbHE is described in Algorithm 2. For each fea-
ture f marked as selected in the individual, CbHE sets
a mutation probability value based on the correlation
between f and its selected ancestors/descendants. If
f is selected, then CbHE calculates the average corre-
lation between f and its selected ancestor/descendant
features in the individual (lines 3 to 7). As a mea-
sure of correlation, ChHE uses the symmetrical uncer-
tainty coefficient [10], which takes normalized values in
the [0,1] range. Then, f undergoes mutation with a
biased mutation probability given by the average corre-
lation between f and its selected ancestors/descendants.
In other words, a strong (weak) correlation means that
there is a high (low) probability that the status of f in
the individual will mutate from selected to non-selected
— line 8. Note that, if f is selected and none of its
ancestors/descendants is selected, then the status of f
remains the same (no mutation). In contrast, if f is
not selected in the individual, then CbHE assigns to f
a standard mutation probability value (line 10).

Algorithm 2 Correlation-based Hierarchical Elimina-
tion (CbHE) Mutation

Input : an individual and sp (standard probability value)
Output: a mutated individual

1: for each gene (feature) f € individual do

2:  if [ is selected then
3: corr 0
4: AD < selected ancestors/descendants
5: for each feature v € AD do
6: corr <+ corr + %
7 end for
8: Mutate f with biased probability corr
9: else
10: Mutate f with standard probability sp
11:  end if
12: end for

6 Computational Experiments

6.1 Datasets Following the methodology used in [19,
20], we built 28 datasets of ageing-related genes, in-
volving the effect of genes on an organism’s longevity.
These datasets were built by integrating data from the
Human Ageing Genomic Resources (HAGR) GenAge
database (version: Build 17) [13] and the Gene Ontol-
ogy (GO) database (version: 2015-10-10) [17]. HAGR
is a database with information about ageing- and
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longevity-related genes in four model organisms: C.
elegans (worm), D. melanogaster (fly), M. muscu-
lus (mouse) and S. cerevisiae (yeast). The GO database
provides three ontology types: biological process (BP),
molecular function (MF) and cellular component (CC).
Each ontology has a separate set of GO terms (features),
i.e., a distinct feature hierarchy (a DAG). So, for each of
the 4 model organisms, we built 7 datasets, with 7 com-
binations of feature types (feature hierarchies), denoted:
BP, CC, MF, BP.CC, BP.MF, CC.MF, BP.CC.MF.

Hence, each dataset, contains instances (genes) from
a single model organism. Each instance is formed by a
set of binary features indicating whether or not the gene
is annotated with each GO term in the GO hierarchy
and a binary class variable indicating if the instance is
either positive (“pro-longevity” gene) or negative (“anti-
longevity” gene) according to the HAGR database.
In order to avoid overfitting, GO terms annotated for
less than three genes were discarded.

Information about the datasets is shown in Table 1.
For each of the 4 model organisms, each of the 7 rows de-
scribes a specific dataset. The first and second columns
show the organism name and the feature hierarchies
used in each dataset. The other columns show the num-
ber of features (#F), the number of edges in the feature
DAGs (#E), the number of instances (#1), the percent-
age of positive-class instances (% Pos) and the percent-
age of negative-class instances (% Neg).

6.2 Experimental Methodology We implemented
all feature selection methods used in this work within
the open-source WEKA data mining tool [5]. The Naive
Bayes (NB) from WEKA was used as the classification
algorithm to evaluate the quality of the feature subsets
selected by each feature selection method. NB was
chosen due to its good performance on related work [16,
21] and its fast speed. The predictive accuracy was
measured by 10-fold cross validation. The methods
were evaluated on 24 datasets, since the 4 datasets
with the BP.CC feature hierarchies were used only for
tuning the parameters of all methods. Since GAs are
stochastic search methods, we run GA-HFS using 10
different random seeds for each of the 10 cross-validation
folds (i.e., 100 GA-HFS runs in total), and the reported
results are averaged over all those 100 runs.

As shown in Table 1, the majority of the
datasets have imbalanced class distributions, so we
evaluated the methods’ predictive accuracy by using
the Geometric Mean (GM) of Sensitivity and Speci-
ficity as well as the Area Under the Precision-Recall
Curve (AUCPR) measures. GM is defined as follows:
GM = +/Sensitivity * Speci ficity. Sensitivity is the
proportion of positive class instances correctly predicted

Table 1: Detailed information about the datasets used
in the experiments.

Group Dataset #F  #E  #I % Pos % Neg
BP 991 1707 657 34.40 65.60

2 CC 178 277 484 36.36  63.64
§ MF 263 331 504 37.70 62.30
<  BP.CC 1169 1984 664 34.34 65.66
G BP.MF 1254 2038 663 34.24  65.76
CC.MF 441 608 566 36.22 63.78
BP.CC.MF 1432 2315 667 34.33 65.67

§ BP 800 1355 132 71.97 28.03
2 CC 89 130 122 7049 29.51
g MF 146 182 126 70.63 29.37
< BPCC 889 1485 133 71.43 2857
g BPMF 945 1536 133 71.43 2857
S CCMF 234 311 130 70.77  29.23
BP.CC.MF 1034 1666 133 71.43 28.57

. Bp 1333 2406 109 68.81 31.78
£ cc 143 214 107 68.22 3L.78
S MF 240 289 106 67.92 32.08
g BpCC 1475 2619 109 68.81 31.19
<  BPMF 1572 2694 109 68.81 31.19
CC.MF 382 501 109 68.81 31.19
BP.CC.MF 1714 2906 109 68.81 31.19

BP 844 1511 331 13.29 86.71

$  CC 145 230 331 13.29 86.71
S MF 221 277 331 13.29 86.71
§ BPCC 989 1741 331 13.29 86.71
«  BPMF 1065 1788 331 13.29 86.71
CC.MF 366 507 331 13.29 86.71
BP.CC.MF 1210 2018 331 13.29 86.71

as positive, whereas Specificity is the proportion of neg-
ative class instances correctly predicted as negative [6].
The AUCPR plots the precision of the classifier as a
function of its recall, then the area under this curve is
used to evaluate the classifier’s predictive accuracy (the
higher the area, the better) [6].

To determine whether the differences in predictive
accuracy are statistically significant, as recommended
by Demsar [1], we ran the Friedman test followed by
the Nemenyi post-hoc test. First, the Friedman test was
executed with the null hypothesis that the accuracies of
all methods are equivalent. The alternative hypothesis
is that there is a difference between the accuracies
of all methods as a whole. If the null hypothesis is
rejected, we run the Nemenyi post-hoc test to identify
pairs of methods with significantly different accuracies.
Both the Friedman and Nemenyi tests were used at the
0.05 significance level.

6.3 Parameter Tuning To tune the parameter set-
tings of all feature selection methods we used the irace
tool [9]. To use irace, we selected 4 out of the 28
datasets (one from each model organism). We selected
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the 4 datasets with the BP.CC feature hierarchies, since
they have a medium number of features. Irace was
run with default parameters and a maximum budget
of 250. For each feature selection method, the best pa-
rameter setting found by irace was used in the experi-
ments to measure predictive accuracy, using the other
24 datasets. Table 2 shows the ranges of parameter set-
tings used by the irace tool. The last three columns
show the best parameter setting found by irace for each
of the three GA-HFS versions, each with a different mu-
tation operator (Bitwise, SHE and CbHE).

Table 2: Ranges of parameter settings used by irace and
the best parameter setting found, for the three GA-HFS
versions (each with a distinct mutation type).

GA-HFS

Parameter Range Bitwise ~SHE CbHE
# Population [50, 150] 138 62 146
# Generations [50, 150] 80 96 149
Elitism Size [2,10] 6 2 4
Tourn. Size [2,10] 4 5 6
Crossover Prob. | [0.70,1.00] 0.93 0.98 0.95
Mutation Prob. | [0.01,0.10] 0.02 0.03 0.06
SHE’s Prob. [0.01,0.30] - 019 -
CbHE’s Prob. auto - - auto

Irace was also used to tune the parameters of Reli-
efF and SHSEL. These methods have only one param-
eter to be tuned, making their parameter tuning eas-
ier than for GA-HFS. ReliefF’s parameter and SHSEL’s
parameter are thresholds that calibrate the number of
features to be removed, and irace considered both pa-
rameters’ values in the range [0.00,1.00]. The best pa-
rameter values found by irace were 0.04 and 0.98 for
ReliefF and SHSEL, respectively. HIP and CKS have
no parameters to be tuned.

6.4 Results This section compares the predictive ac-
curacies obtained by Naive Bayes with 8 feature selec-
tion approaches: 3 GA-HF'S versions (one with standard
bitwise mutation and the two others with a new muta-
tion operator (SHE and CbHE)); two traditional (non-
hierarchical) feature selection methods (CFS and Reli-
efF), two state-of-the-art hierarchical methods (SHSEL
and HIP); and, as a baseline, Naive Bayes using the
whole feature set (NoFS).

The results for the measures GM and AUCPR are
shown in Tables 3 and 4, where the first column shows
the organism name and the feature hierarchies of each
dataset. The other columns show the GM or AUCPR
values obtained by Naive Bayes with the aforementioned
8 feature selection approaches. The best results for each
dataset are highlighted in bold type.

The last two rows of each table show, for each
method, its average rank (Avg. Rank) and number of

Table 3: GM values (%) obtained by Naive Bayes with
the 8 feature selection approaches.
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BP 62.0 61.3 61.4 51.8 57.9 65.4 67.2 64.3

2 CC 65.7 63.0 68.6 60.3 62.9 66.2 66.5 68.0
§ MF 57.6 49.6 50.9 47.9 41.6 61.0 62.4 62.2
< BP.MF  |61.9 63.5 63.2 61.5 60.1 66.8 68.6 65.6
QG CCMF | 64.2 61.1 61.4 55.6 56.9 66.2 67.6 65.6
BP.CC.MF|62.4 61.6 63.0 58.3 61.6 66.5 68.4 65.7
S BP 50.4 58.3 66.1 30.8 53.7 64.1 66.5 67.6
g cC 66.7 68.1 68.4 51.2 59.1 69.7 71.8 73.7
S MF 58.0 52.2 57.5 55.4 46.0 54.7 60.9 60.3
S BPMF  |57.3 61.4 68.1 43.7 50.0 59.3 63.6 62.8
£ CC.MF  [65.8 59.1 65.7 57.4 57.1 68.9 65.0 67.4
o BP.CC.MF|59.4 59.5 75.1 63.8 60.9 60.0 66.2 66.4
. BP 59.1 52.8 67.3 59.7 66.1 67.7 70.4 69.6
< cc 64.1 50.4 58.3 61.6 55.5 67.7 67.7 69.7
g MF 63.5 59.6 65.8 62.1 64.0 66.9 68.4 70.3
£ BP.MF  [64.9 63.6 68.4 59.5 65.1 T1.4 71.1 71.3
< COMF 616 55.4 68.1 56.4 612 668 67.7 69.2
BP.CC.MF|70.2 63.1 70.5 57.4 69.2 74.4 73.8 T1.8
“BP 61.5 63.4 68.8 68.2 49.6 68.1 70.0 70.6
s CC 57.6 40.9 47.8 57.1 0.00 61.4 57.6 61.4
= MF 34.2 26.1 42.8 35.6 14.1 31.8 42.0 44.9
§ BPMF  |62.1 60.0 68.3 66.6 49.8 67.5 69.5 69.5
w COMF  |59.936.8 57.4 51.6 25.1 58.3 55.0 58.9
BP.CC.MF|62.8 61.4 66.4 69.6 53.5 67.7 68.4 68.6
Avg Rank| 50 65 3.7 63 69 33 23 1.9
#Wins [ 1.0 0.0 3.0 1.0 0.0 30 75 9.5

{GA-HFS-CbHE,GA-HFS-SHE]} > {SHSEL,CFS, ReliclF,
NoFS} and {GA-HFS,HIP} - {SHSEL,CFS ReliefF'}

wins (#Wins). The lower the Avg. Rank, the better
the performance of the method. In the row right below
Table 3 and Table 4, the symbol > means a statistically
significant difference between some methods, such that
{a} > {b,c} means that a is significantly better than b
and c.

Table 3 shows that GA-HFS-CbHE achieved the
best average rank and the highest number of wins
in terms of GM; whilst GA-HFS-SHE achieved the
second best average rank and number of wins. The
Friedman test detected a significant difference among
the methods, and the Nemenyi test showed that the two
GA-IIFS versions with novel mutation operators (GA-
HFS-CbHE and GA-HFS-SHE) are significantly better
than SHSEL, CFS, ReliefF and NoFS. There was no
significant difference between those two best GA-HFS
versions and GA-HFS using bitwise mutation and the
IITP method; but GA-IIFS-CbIIE and GA-ITFS-SIIE
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Table 4: AUCPR values (%) obtained by Naive Bayes
with the 8 feature selection approaches.
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z =B 75! g i =

S 3
BP 55.1 55.9 58.4 50.5 56.4 57.9 59.7 60.1
2 CC 56.3 54.0 57.2 56.5 49.8 56.8 56.6 59.6
% MF 50.2 48.0 50.7 50.3 45.6 53.0 54.7 54.4
T BP.MF 53.6 55.4 57.0 50.8 54.8 56.9 59.1 58.2
O CC.MF 54.8 51.2 54.2 55.7 53.1 56.1 57.9 56.4
BP.CC.MF|54.0 58.1 58.1 54.7 54.7 59.2 61.3 60.3

E; BP 83.1 83.3 87.6 82.8 82.8 84.7 85.8 85.4
3 CC 87.6 87.9 88.6 84.6 86.6 86.5 88.0 88.5
§MF 81.9 78.1 82.9 81.9 79.3 81.4 83.3 84.5
< BP.MF 84.7 82.8 84.5 79.7 84.2 86.3 86.5 85.9
g CC.MF 88.1 87.3 88.6 85.2 86.5 87.5 88.2 87.6
o BP.CC.MF|85.4 86.0 87.2 82.2 85.7 86.4 88.4 87.5
« BP 82.5 82.6 86.0 81.4 85.1 87.1 89.3 §89.1
N: CC 84.5 79.5 80.0 81.2 82.3 86.7 86.7 86.0
S MF 87.1 86.0 85.5 83.8 86.0 86.7 87.5 87.9
g BP.MF 81.7 86.7 87.2 83.7 87.4 88.3 89.7 90.0
= CC.MF 85.7 82.5 84.9 82.3 84.9 87.6 88.3 88.6
BP.CC.MF|83.0 86.1 88.0 83.4 87.6 88.6 89.9 90.0
. BP 45.6 48.4 46.3 45.6 45.1 51.2 53.6 55.1
s CC 34.0 27.0 30.4 28.6 26.5 38.8 38.3 38.1
§ MF 26.8 27.8 27.0 31.7 28.2 25.8 34.6 36.9
§ BP.MF 41.8 47.3 46.0 45.0 45.3 49.3 54.5 54.9
- CC.MF 33.9 26.6 32.0 33.1 35.0 38.4 37.9 39.4
BP.CC.MF|44.4 46.1 46.0 49.9 44.3 50.5 53.9 53.3
Avg. Rank|5.8 6.0 43 6.6 6.1 35 1.8 1.8
#Wins 0.0 0.0 3.0 0.0 0.0 1.5 &85 11.0

{GA-HFS-CbHE,GA-HFS-SHE} = {HIP,SHSEL,CFS,
ReliefF, NoFS}; {GA-HFS} = {SHSEL,CFS, ReliefF,
NoFS} and {HIP} > {ReliefF}

had a much better average rank and number of wins.
Moreover, GA-HF'S with bitwise mutation and HIP were
significantly better than SHSEL, CFS and ReliefF.
Table 4 reports the AUCPR results. GA-HFS-
CbHE and GA-HFS-SHE achieved the joint best av-
erage rank, but GA-HFS-CbHE had the highest num-
ber of wins followed by GA-HFS-SHE. The Friedman
test detected a significant difference among the meth-
ods. The Nemenyi test showed that both GA-HFS-
CbHE and GA-HFS-SHE were significantly better than
HIP, SHSEL, CFS, ReliefF and NoFS. Besides, GA-HFS
was significantly better than SHSEL, CI'S, Reliefl’ and
NoFS. Also, HIP was significantly better than ReliefF.
There was no significant difference between GA-HFS
with bitwise mutation and the two GA-HF'S versions us-
ing the hierarchical mutation operators. However, the
latter two methods obtained a much better number of

wins and average rank than the former.

Figure 2 presents the average percentage of features
selected by each method — averaged over the 24 datasets
and the 10 cross-validation folds. As expected, compar-
ing the three GA-HFS versions, the percentage of se-
lected features is reduced when a hierarchical mutation
operator (SHE or CbHE) is applied. Since GA-HFS-
SHE and GA-HFS-CbHE were the two best methods re-
garding GM and AUCPR, these results broadly support
the hypothesis that reducing the number of hierarchi-
cally redundant features increases predictive accuracy.
Note that, among the three GA mutation types, SHE
tends to remove more hierarchically redundant features.
Indeed, GA-HFS-SHE selects on average less than half
of the features selected by GA-HFS (with traditional
bitwise mutation) and about two thirds of the features
selected by GA-HFS-CbHE.
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Figure 2: Average percentage (%) of features selected
by the 7 feature selection methods.

Finally, we computed the relative frequency (%)
of selection of each feature, out of all runs of GA-
HFS-CbHE (the best method overall) on all datasets
which originally included that feature. We computed
these results per organism and for all organisms as a
whole. To identify the most relevant features (Gene
Ontology (GO) terms) for the biology of ageing, we
focus on very frequently selected GO terms, but ignoring
very generic, non-informative terms. Briefly, the most
frequently selected GO terms include: (a) GO:0016209,
“Antioxidant activity”, with selection frequency over
90% for organisms yeast and worm; (b) GO:0000003,
“Reproduction”, with selection frequency over 92% for
yeast, worm and fly; (¢) GO:0045202, “Synapse” (a
structure connecting neurons), with selection frequency
over 86% for worm, fly and mouse. These GO terms
were ranked 2nd, 4th and 6th, respectively, in terms of
relative selection frequencies across all organisms.
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7 Conclusions

This work has introduced three versions of a genetic al-
gorithm (GA) for feature selection, including two novel
mutation operators tailored for feature selection in hier-
archical feature spaces. These two operators are based
on the principle that reducing the number of hierarchi-
cally redundant features often leads to higher predic-
tive accuracy. The first operator, Simple Hierarchical
Elimination (SHE) mutation, sets a fixed biased mu-
tation probability to each feature with hierarchical re-
dundancy, where the probability of removing such fea-
tures is greater than the probability of changing the
selection status of other features. The second muta-
tion operator, Correlation-based Hierarchical Elimina-
tion (CbHE), sets the probability of removing a hierar-
chically redundant feature in a data-driven way, based
on the correlation among hierarchically related features.

The experiments compared the predictive accuracy
of Naive Bayes with features selected by 8 different ap-
proaches. In summary, the two proposed GAs using the
two novel hierarchical mutation operators achieved bet-
ter predictive accuracies than traditional and state-of-
the-art hierarchical feature selection methods. Actually,
those two best GAs obtained significantly higher predic-
tive accuracy than 4 or 5 other approaches, depending
on the accuracy measure. Also, those two best GAs, us-
ing new hicrarchical mutation operators, sclected overall
substantially fewer features than the GA using a non-
hierarchical mutation operator.
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Abstract. Classification is one of the most important tasks in the data mining field, allowing patterns to be leveraged
from data in order to try to properly classify unseen instances. Also, more and more often, the classification task has
to be performed on datasets containing uncertain data. Although an increasing number of studies have been developed
to handle uncertainty in classification in the last decade, there are still many underexplored scenarios — such as sparse
data, usual in the bioinformatics field. Thus, in this work, we propose a novel distance measure for sparse and uncertain
binary data based on the widely used Jaccard distance, testing its performance using the INN classifier. We evaluate the
classification performance of our proposed method on 28 biological aging-related datasets with sparse and probabilistic
binary features and compare it with a common technique to handle uncertainty by employing data transformation and
traditional classification. The experimental results show that our proposed distance measure has both a smaller runtime
and a better predictive performance than the traditional transformation approach.

Categories and Subject Descriptors: H.2.8 [Database Management]: Database Applications; [.5.4 [Pattern Recog-
nition|: Applications; J.3 [Computer Applications|: Life and Medical Sciences

Keywords: aging-related genes, classification, data mining, Jaccard distance, uncertain data

1. INTRODUCTION

The classification task is one of the most relevant tasks in the data mining field [Han et al. 2011].
Given a datasct of pre-labeled instances, the classification task comprises the induction of a clas-
sification model that is capable of predicting the class of an unseen instance based solely on its
features. These features can have a numerical or categorical domain, with certain or uncertain values.
Naturally, because of their higher prevalence, the majority of the techniques that have been developed
so far focus on the handling of certain data [Aggarwal 2014)].

In this work, we focus on the classification of uncertain data, specifically in sparse datasets.
This kind of data can originate from many sources due to various factors, such as measurement
precision limits, mcasurcment crrors, approximations or cven lack of information. Even though the
number of studies on classifying uncertain data has significantly increased in the last decade [Aggarwal
2014], there are still many underexplored areas, as is the case of sparse datasets.

We are particularly interested in the study of aging-related genes (represented as instances in our
datasets) in order to identify the effect of genes on the longevity of an organism. These datasets
commonly use binary features extracted from the Gene Ontology (GO) database |Ashburner et al.
2000], but another important type of feature are protein-protein interactions (PPIs) [Stojanova et al.
2013|. PPI features indicate whether or not an aging-related protein interacts with each of a set of

Copyright(©2017 Permission to copy without fee all or part of the material printed in KDMiLe is granted provided that
the copies are not made or distributed for commercial advantage, and that notice is given that copying is by permission
of the Sociedade Brasileira de Computagao.
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other proteins (which may or may not be aging-related proteins). For that purpose, we can use the
STRING database [Szklarczyk et al. 2011|, a popular source of PPT datasets in the bioinformatics
literature. Note, however, that instead of providing binary values for the PPIs, the STRING database
provides confidence scores for each interaction. This allows the dataset to present more PPI data, but
adds uncertainty to it.

When not working with uncertain data, an approach to classify genes described by binary features
in the aging literature is to use the k-Nearest Neighbors classifier with the Jaccard distance [Wan
et al. 2015] [Wan and Freitas 2017|. Since the Jaccard distance is not able to directly handle uncertain
binary values, a data transformation procedure would be required to "remove" the uncertainty, which,
of course, could cause loss of valuable data. A simple and common transformation is applying a cut-off
on the PPI values, so that when the confidence score is over (below) a certain value it is converted
to 1 (0). The problem would then lie on how to choose an appropriate cut-off value. However, in
the bioinformatics literature there is usually no concern on optimizing this value and not even an
explanation about the reasons behind its choice.

Thus, the main contribution of this work is to provide an intuitive, fast and accurate method to han-
dle uncertain PPI data in distance-based classification. For that purpose, we propose a novel Jaccard
distance measure able to handle uncertain binary features, without requiring any data transformation
procedure or parameter optimization. Also, it allows the algorithm to benefit from the uncertain
information available, removing the need to rely on arbitrary cut-off values or to spend much time on
optimizing its value.

The remainder of this article is organized as follows. Section 2 describes the related work. In Section
3, we introduce the novel distance measure for classification in sparse datasets with probabilistic binary
features. Section 4 presents the datasets used in this work. Computational results are presented in
Section 5. Lastly, in Section 6, we present the conclusions and future research directions.

2. RELATED WORK

The classification of uncertain data has been extensively studied in the last two decades. Many different
techniques have been adapted to handle uncertain data, such as Bayesian approaches |Ren et al. 2009],
Neural Networks |Ge et al. 2010], Decision Trees [Tsang et al. 2011], k-Nearest Neighbors [Yang et al.
2015] and Support Vector Machines [Yang and Li 2009]. Most of them focus on uncertain numerical
features, not specifically on binary features. Notwithstanding, very few uncertain data mining studics
focus on sparse datasets, and they are usually related to other tasks, such as Frequent Itemset Mining
[Xu et al. 2014].

As mentioned in the previous section, a lot of the research done so far in the bioinformatics field has
simply ignored the uncertain information provided by the STRING database about PPIs. This has
been done by applying ad-hoc cut-off values such as 0.4 [Shi et al. 2017, 0.7 [Gao et al. 2017], and 0.9
|Lin et al. 2016].

3. A NOVEL PROBABILISTIC JACCARD DISTANCE MEASURE

Distance-based classifiers use the intuitive idea that instances of the same class are more similar among
themselves than among instances of other classes |Han et al. 2011]. Similarity (distance) measures,
like the Jaccard index (distance), are functions that calculate how similar (distant) two objects are
to (from) each other, and thus are the basis of supervised distance-based classification algorithms.

Next, we present the definitions of the traditional Jaccard measure (which cannot directly han-
dle uncertainty, since a data transformation is needed to handle it) and of our proposed distance
measure (which handles uncertainty directly).
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Let s; and s;, be the sets of binary features with positive value (the least frequent value for each
feature) in instances j and j’ respectively. The Jaccard index is defined as in Equation (1). Tn the
special case when both s; and s; are empty, the Jaccard index is defined to be equal to 1.

‘Sj nij|

Jaccard(s;, s;1) = (1)
7027 ‘3]' U Sj’l
And the Jaccard distance between j and j' is simply defined as:
0Jaccard (s J') = 1 — Jaccard(s;, s;). 2)

Note that Equation (1), and consequently Equation (2), are limited to scenarios with binary feature
values without uncertainty. We then propose an extension of the Jaccard index to take into account
the probability p;(s;) of a binary feature i (of a total of n features in the dataset) belonging to sj, i.e.,
having positive value in instance j. Equation (3) defines this new similarity coefficient, here called
ProbJaccard (Probabilistic Jaccard measure). Again, we define ProbJaccard(s;,s;;) = 1 when the
denominator evaluates to zero, which happens when both sets are certainly empty.

i pi(sg) X pil(sj1)]
Yoialpi(ss) + pilsy) — pa(sy) X pa(sy0)]

®3)

ProbJaccard(s;, s;:) =

Like Equation (1), the numerator of Equation (3) measures the degree of intersection between
the two instances, while the denominator measurcs the degree of union between the two instances.
Note however, that these degrees of intersection and union are probabilistic in Equation (3).

Analogously, we define the Probabilistic Jaccard distance between j and j' as:

dprobJaceard (7- ') = 1 — ProbJaccard(s;, s;/). (4)

Note that all these indexes and distances take values in the interval [0,1]. Also note that, when
working with certain data, Equations (3) and (4) become equivalent to Equations (1) and (2), and,
thus, they can be used in datasets with both certain and uncertain binary features.

4. EXPERIMENTAL DATASETS

We use 28 datasets of aging-related genes, where instances are genes and the binary class indicates
whether or not the genes are related to longevity. These datasets were created by integrating data
from the Human Ageing Genomic Resources (HAGR) GenAge database (version: 335 Build 17)
[de Magalhaes et al. 2009] and the Gene Ontology (GO) database (version: 2015-10-10) [Ashburner
ct al. 2000]. HAGR is a databasc of aging- and longevity-associated genes in model organisms which
provides aging information for genes from four model organisms: C.elegans (worm), D.melanogaster
(fly), M.musculus (mouse) and S.cerevisiae (yeast). The GO database provides information about
three ontology types: biological process (BP), molecular function (MF) and cellular component (CC).
Each ontology contains a separate set of GO terms (features). So, for each of the four model organisims,
we created seven datasets, with seven combinations of feature types, denoted by B, CC, MF, BP.CC,
BP.MF, CC.MF, and BP.CC.MF.

Hence, each dataset contains instances (genes) from a single model organism. FEach instance is
formed by a set of binary features indicating whether or not the gene is annotated with each GO
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term and a binary class variable indicating if the instance is either positive ("pro-longevity" gene)
or negative ("anti-longevity" gene) according to the HAGR database. These GO features values are
highly sparse and, in order to avoid overfitting, GO terms which occurred in less than three genes
were discarded, avoiding the use of rare features with very little statistical support and virtually no
generalization power for our set of genes.

Finally, as a contribution to the aging-related genes classification problem, in order to improve the
predictive performance achieved when using only GO terms [Wan et al. 2015], we added protein-
protein interactions (PPIs) uncertain data from the STRING database (version: 10) [Szklarczyk et al.
2014] to each of the 28 datasets. The data is also highly sparse and, as we did with the GO features,
we also filtered out the PPIs that only occurred in less than three genes.

These PPI features values were obtained, in the STRING database, from the combined__score field
in the network.node_node_links table. Their values s € [0, 1] indicate the degree of confidence
of their correspondent interactions. We use these values under a probabilistic perspective, where
the features can be seen as binary ones (with the value 0 (1) indicating absence (presence) of the
correspondent PPT in that instance’s set of PPIs) and their values are represented by a probability
distribution function f, defined as f(1) = s and f(0) =1 — s.

Table I shows statistics for each dataset, including information on their sparsity. For each of the
four model organisms, each of the seven rows shows information about a specific dataset. The first
column identifies the model organism. The second column shows the selected Gene Ontologies on the
dataset. The other columns show, respectively, the number of features, the number (and percentage)
of GO features, the number of PPI features, the average percentage of GO features with value 0 in an
instance, the average percentage of PPI features with value 0 in an instance, the number of instances,
the number (and percentage) of positive-class instances and the number of negative-class instances.
For example, for the C. elegans dataset with GO terms of the Biological Process (BP) ontology type
only (first row), out of the 12,438 features, 991 (7.97%) are GO features and the remaining 11,447
(92.03%) are PPI features. Also, the column "avg. % GO = 0" shows that, on average, an instance
of that dataset has 95.48% of its GO features with value 0 and the column "avg. % PPI = 0" shows
that, on average, an instance of that dataset has 95.32% of its PPI features with value 0. Finally, the
last three columns show that this dataset has 657 instances, from which only 226 (34.40%) arc labeled
positive (Pos) and the remaining 431 (65.60%) are labeled negative (Neg).

5. EXPERIMENTS

In our datasets, as shown in Table I, the distribution of instances belonging to the two classes is
imbalanced. Then, if the simple accuracy measure (the percentage of correctly classified instances)
had been used, it would provide us with misleading performance evaluation since we could trivially
obtain a high accuracy (but no uscful model) by predicting the majority class for all instances [Jap-
kowicz and Shah 2011|. Hence, we evaluate the predictive performance of the classifiers by using the
value of Geometric mean (Gmean), defined as Gmean = /Sens x Spec, which takes into account
the balance of the classifiers’s sensitivity (Sens) and specificity (Spec) [Japkowicz and Shah 2011].
Sensitivity (specificity) means the proportion of pro-longevity (anti-longevity) genes that were cor-
rectly predicted as pro-longevity (anti-longevity) in the testing dataset [Altman and Bland 1994]. The
reported Gmean value for each dataset is the average of all the 10 Gmean values generated by the
well-known stratified 10-fold cross-validation procedure [Witten et al. 2016].

In this work, we use the 1-Nearest Neighbor (1NN) classifier since, in previous work, it has been
shown effective for classification in aging-related datasets [Wan et al. 2015|[Wan and Freitas 2017].

We start by testing the improvement in predictive performance when the PPI features are added
to the original database composed of GO terms only. Since this inserted data is uncertain and the
Jaccard distance does not handle uncertain values, we decided to use, as a baseline, a 5-fold Internal
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Table I: Statistics for each dataset.

# # (%) # avg. % avg. % # # (%) #

Organism Dataset features GO features PPl features GO =0 PPl =0 instances Pos Neg
BP 12438 991 (7.97) 11447 095.48 95.32 657 226 (34.40) 431

w CcC 11163 178 (1.59) 10985 93.35 94.63 484 176 (36.36) 308
] MF 11151 263 (2.36) 10888 94.93 94.58 504 190 (37.70) 314
iy BP.CC 12626 1169 (9.26) 11457 05.47 95.35 664 228 (34.34) 436
¢ BP.MF 12733 1254 (9.85) 11479 95.65 95.35 663 227 (34.24) 436
© CC.MF 11731 441 (3.76) 11290 95.01 94.87 566 205 (36.22) 361
BP.CC.MF 12912 1432 (11.09) 11480 95.62 95.37 667 229 (34.33) 438

5 BP 7359 800 (10.87) 6559 91.68 91.11 132 95 (71.97) 37
& cc 6549 89 (1.36) 6460 86.98  90.85 122 86 (70.49) 36
% MF 6698 145 (2.16) 6553 92.28 90.92 126 89 (70.63) 37
S BP.CC 7503 889 (11.85) 6614 91.38 91.20 133 95 (71.43) 38
) BP.MF 7559 945 (12.50) 6614 91.89 91.20 133 95 (71.43) 38
E_ CC.MF 6817 234 (3.43) 6583 90.72 91.17 130 92 (70.77) 38
Q BP.CC.MF 7648 1034 (13.52) 6614 91.56 91.20 133 95 (71.43) 38
BP 11513 1332 (11.57) 10181 89.35 90.04 109 75 (68.81) 34

8 cc 10236 142 (1.39) 10004 83.20  90.11 107 73 (68.22) 34
3 MF 10323 240 (2.32) 10083 90.27 89.86 106 72 (67.92) 34
3 BP.CC 11655 1474 (12.65) 10181 88.79 90.04 109 75 (68.81) 34
S BP.MF 11753 1572 (13.38) 10181 89.53 90.04 109 75 (68.81) 34
s CC.MF 10563 382 (3.62) 10181 87.93 90.04 109 75 (68.81) 34
BP.CC.MF 11895 1714 (14.41) 10181 89.03 90.04 109 75 (68.81) 34

BP 6305 844 (13.39) 5461 94.65 92.25 331 44 (13.29) 287

9 CcC 5606 145 (2.59) 5461 89.96 92.25 331 44 (13.29) 287
:g' MF 5682 221 (3.89) 5461 94.27 92.25 331 44 (13.29) 287
o BP.CC 6450 089 (15.33) 5461 93.96 92.25 331 44 (13.29) 287
8 BP.MF 6526 1065 (16.32) 5461 94.57 92.25 331 44 (13.29) 287
[ CC.MF 5827 366 (6.28) 5461 92.56 92.25 331 44 (13.29) 287
BP.CC.MF 6671 1210 (18.14) 5461 94.02 92.25 331 44 (13.29) 287

Cross-Validation (ICV) method (accessing the training set only) to automatically choose a cut-off
value to discretize the feature (feature values greater or equal than the cut-off are set to 1 and set
to 0 otherwise). This ICV is performed in each iteration ol the external cross-validation procedure.
This baseline method is here called Jaccard-ICV. Applying this cut-off on the uncertain data allows
us to convert it to certain binary values and then use it with the 1NN classifier using the traditional
Jaccard distance.

The STRING database online search interface suggests four cut-off values: 0.15, 0.40, 0.70 and
0.90, meaning, respectively, low, medium, high and highest confidence. These values have also been
extensively employed in the related literature [Lin et al. 2016] [Shi et al. 2017] [Gao et al. 2017]. For
these two reasons, the ICV focused on choosing the best out of these four cut-off values.

The results are shown in Table II, where the boldface numbers denote the highest Gmean value
obtained for each dataset. The first two columns are the same as in Table I, explained in the previous
section. The third column shows the Gmean values obtained by the INN classifier in datasets with
GO features only and using the traditional Jaccard distance metric. The fourth and fifth columns
show the values obtained with the classilication on the datasets composed of both GO and PPI data.
While the fourth column shows the results with the internal cross-validation approach explained above,
the fifth column shows the results obtained when using 1NN with our new proposed distance measure.
Fach row represents a different dataset in the same way as in Table I. Table II, however, has two
additional rows. 'The second to last row, Average Rank, shows the average rank obtained by each
method over the 28 datasets. For each dataset, the best method receives the ranking value of 1;
conversely, the worst method receives the ranking value of 3. So, the smaller the average rank of a
method, the better its overall predictive performance. Finally, the last row, #Wins, shows the number
of datasets where each method has obtained the best predictive performance. Again, the boldface
numbers denote the best result in each of these two rows.
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Table IT: Comparison of predictive performance using Gmean as evaluation measure.

GO GO + PPI
Group Dataset Jaccard Jaccard-ICV  Prob-Jaccard

BP 55.91 65.30 64.13

@ CcC 59.73 61.01 63.21
< MF 53.47 64.86 66.41
¥  BP.CC 61.14 65.25 66.44
@ BP.MF 58.07 67.15 65.19
U CC.MF 60.33 63.12 62.30
BP.CC.MF  58.11 68.49 66.25

ol BP 64.17 52.39 61.13
% CC 70.44 72.08 68.03
0 MF 50.65 60.52 58.13
< BP.CC 61.87 55.05 65.19
ol BP.MF 62.88 63.24 63.81
1S CC.MF 58.69 64.14 64.93
o BP.CC.MF  62.57 65.49 63.30
BP 62.98 68.31 63.07

E] cc 50.74 56.27 63.95
3 MF 53.94 65.64 69.18
2 BP.CC 61.84 55.56 56.81
1 BP.MF 63.81 66.29 65.30
s CC.MF 56.61 67.23 68.89
BP.CC.MF  62.27 63.49 58.51

BP 53.69 57.34 58.26

8 cC 50.61 53.56 61.45
-2 MF 40.34 58.69 58.99
g BP.CC 58.32 55.88 65.39
8 BP.MF 51.03 57.83 58.29
w CC.MF 41.56 63.74 60.73
BP.CC.MF 53.60 57.32 62.88
Average Rank 2.71 1.75 1.54

# Wins 2 11 15

The results in Table 1I show that Prob-Jaccard, which uses our proposed distance measure, achieves
the best predictive performance on 15 datasets, followed by Jaccard-ICV (best results on 11 datasets)
and Jaccard (2 datasets). To determine whether the differences in performance are statistically sig-
nificant, we ran the non-parametric Friedman test followed by the Nemenyi test [Japkowicz and Shah
2011]. Both tests were used at the 0.05 significance level. The Friedman test indicated that there was
at least one pair of classifiers with a statistical difference in the predictive performance. Hence, we em-
ployed the post-hoc Nemenyi test to discover in which pairs this difference occurs. The Nemenyi test
showed that both Prob-Jaccard and Jaccard-ICV are significantly superior to Jaccard-GO, which does
not include PPI features. However, even though Prob-Jaccard achieves both a better average rank and
a higher number of wins than Jaccard-ICV, the difference in the performance between Prob-Jaccard
and Jaccard-ICV was not statistically significant.

One could think of using the Euclidean distance with the 1NN classifier by using the probability
values as features values, thus leading to a scenario with "certain" numerical features instead of un-
certain binary ones. A preliminary experiment using this strategy has been performed, obtaining very
poor results when compared to the other two methods explored in this article. These results are some-
what intuitive, since the Euclidean distance is known to be weakly discriminant for multidimensional
and sparsc data, and also becausc trcating a probability as just a numcric valuc can lcad to wrong
assumptions. As an example, think of the case when comparing the distance between two instances
with a single uncertain binary feature, and assume this feature’s values for both instances are repre-
sented by the same probability distribution function f, for which f(0) = f(1) = 0.5. The Euclidean
distance between these two instances would be zero, even though, if we assume that the (unknown)
true value of a feature is binary (an assumption that may or may not be appropriate depending on the
application domain), there is a 50% chance that these two instances have the opposite binary values
for their single feature.
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Based on the conducted experiments, we can notice a great improvement by simply adding the
PPT features and optimizing the choice of cut-off value for each fold via internal cross-validation.
However, this approach is slow, which could be a big problem when working with larger datasets.
We then compared the runtime performance of the Jaccard-ICV method with our proposed Prob-
Jaccard method to demonstrate how much faster this proposed method can be in comparison to the
internal cross-validation one, without losing in overall predictive performance (and actually improving
it most of the times). These results are presented in Table III. In this table, the first two columns are
exactly the same as the ones in the previous tables. The third and fourth columns show the average
time in scconds that was taken to classify a fold in the 10-fold cross-validation procedurc. Notice
that the reported times for the Jaccard-ICV method include the time spent in the selection of the
cut-off value. The last column shows the ratio of the values in the third column to the values in the
fourth column, which indicates how many times faster the Prob-Jaccard method is in comparison to
Jaccard-ICV. These times were measured in a computer with 1.6 GHz Intel Core i5 processor and 4
GB 1600 MHz DDR3 memory.

Table III: Comparison of average CPU time in seconds per cross-validation fold.

GO + PPI Jaccard-ICV.
Group  Dataset Jaccard-ICV _ Prob-Jaccard  Prob-Jaccard

BP 18.048 0.835 21.614

e CC 9.577 0.399 24,003
s MF 10.802 0.438 24.662
& BRCC 20.492 0.845 24.251
©  BP.MF 20.316 0.861 23.596
G CC.MF 13.394 0.594 22,549
BP.CC.MF 21,181 0.855 24,773

5 BP 0.639 0.023 28.684
5 CC 0.492 0.018 24,200
% MF 0.469 0.016 25,059
g BRCC 0.705 0.020 27.500
$  BP.MF 0.676 0.021 20.905
E  CCMF 0.527 0.020 25.667
o  BP.CC.MF 0.718 0.022 30.700
BP 0.639 0.023 27.783

5 cc 0.492 0.018 27.333
3 MF 0.469 0.016 20.313
2  BP.CC 0.705 0.020 35.250
€  BP.MF 0.676 0.021 32.190
s CCMF 0.527 0.020 26.350
BP.CC.MF 0.718 0.022 32.636

BP 3.796 0.112 33.893

3 cc 3.321 0.097 34.237
2 MF 3.274 0.105 31,181
®  BP.CC 4.008 0.116 34.552
S BP.MF 3.925 0.118 33.263
w5 CCMF 3.488 0.108 32.296
BP.CC.MF 4,190 0.126 33.254
Average 5314 0.233 28.596

The last row of Table IIT shows that, on average, the Jaccard-ICV approach took 5.3 seconds to
classify a single fold, while Prob-Jaccard took only 0.2 seconds. The last column in that row shows
that the Prob-Jaccard approach was able to classify a single fold 28.6 times faster on average.

6. CONCLUSIONS

In this work, we presented a novel Jaccard distance measure for nearest-neighbor classification in
sparse datasets with probabilistic binary features. We compared both the speed and the predictive
performance of the 1NN classifier using both our novel distance measure and the traditional Jaccard

distance (by applying an internal cross-validation to optimize the cut-off value).
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The INN classifier using the proposed ProbJaccard distance measure is significantly faster than the
Jaccard-TCV method. This is due to the fact that ProbJaccard handles the uncertainty from the data
directly, so there is no need to perform an internal cross-validation to optimize a cut-off parameter.
Additionally, the proposed ProbJaccard method has shown an overall improvement in the predictive
performance of the INN classifier across 28 aging-related datasets, with a better average rank and
higher number of wins when compared with the Jaccard-ICV method and a dataset with GO terms
only, as shown in Table II; even though there was no statistically significant difference between the
results of ProbJaccard and Jaccard-ICV.

Finally, this new distance measure can be extended to handle categorical features with more general
types of uncertain values in sparse classification datasets. We leave this research for future work.
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Features: An Application to the Prediction of
Pro-/Anti-Longevity Genes

Pablo Nascimento da Silva, Alexandre Plastino, Fabio Fabris, and Alex A. Freitas

Abstract—Understanding the ageing process is a very challenging problem for biologists. To help in this task, there has been a growing
use of classification methods (from machine learning) to learn models that predict whether a gene influences the process of ageing or
promotes longevity. One type of predictive feature often used for learning such classification models is Protein-Protein Interaction (PPI)
features. One important property of PPI features is their uncertainty, i.e., a given feature (PPl annotation) is often associated with a
confidence score, which is usually ignored by conventional classification methods. Hence, we propose the Lazy Feature Selection for
Uncertain Features (LFSUF) method, which is tailored for coping with the uncertainty in PPI confidence scores. In addition, following the
lazy learning paradigm, LFSUF selects features for each instance to be classified, making the feature selection process more flexible.
We show that our LFSUF method achieves better predictive accuracy when compared to other feature selection methods that either do
not explicitly take PPI confidence scores into account or deal with uncertainty globally rather than using a per-instance approach. Also,
we interpret the results of the classification process using the features selected by LFSUF, showing that the number of selected features
is significantly reduced, assisting the interpretability of the results. The datasets used in the experiments and the program code of the

LFSUF method are freely available on the web at http://github.com/pablonsilva/F SforUncertainFeatureSpaces.

Index Terms—Ageing, Classification, Feature Selection, Uncertain Features, Gene Ontology, Protein-Protein Interaction

1 INTRODUCTION

A GEING is a complex process characterized by a contin-
uous decline in the function of an organism that occurs
with increasing age [9], ultimately leading to death. Even for
related species, the speed at which such functional deterio-
ration happens differs to some extent [8]. Although ageing
research has advanced significantly in the last decades, it is
still unclear which biological mechanisms contribute to the
ageing process, even though genetic factors clearly make a
major contribution to it [30].

Experiments in model organisms have identified several
hundred genes that influence the ageing process (speeding
it up or slowing it down) [19]. The discovery of such
genes in model organisms may lead to the identification
of homologous genes in humans which could lead to
pharmacological interventions to treat ageing. Hence, it is
particularly interesting to automatically classify genes (or
proteins) in two different classes: pro-longevity and anti-
longevity genes. Pro-longevity genes are those genes whose
decreased expression reduces lifespan and/or those whose
over-expression extends lifespan [27], [28]. Conversely, anti-
longevity genes are those genes whose decreased expres-
sion extends lifespan and/or those whose over-expression
decreases it.

Gene Ontology (GO) terms [23] have been widely used
as predictive features for building models for the classifi-
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cation of pro-/anti-longevity genes [4], [21], [24], [25], [26],
[27]. However, there are many other characteristics of genes
(or proteins) that could be useful to the problem described
in this work. So, in this work, we build predictive models
using not only GO term features, but also Protein-Protein
Interaction (PPI) features [20], a widely used characteristic
of proteins that could potentially help finding those proteins
linked with ageing [5], [17]. In a PPI dataset, each PPI indi-
cates whether or not a protein (instance, or object to be clas-
sified) interacts with another protein. As PPI information
is an important indicator of gene functions, the use of PPI
features may improve the classifier’s predictive accuracy.
Also, as no protein works in isolation, the analysis of highly
predictive PPI features could improve the interpretability of
the classification model, leading to a better understanding
of the ageing problem in general.

However, the use of PPI features for classification is
not straight-forward. First, the values of PPI features are
uncertain, i.e., such values are numeric scores representing
the likelihood of interaction of two proteins (e.g., protein-A
interacts with protein-B in 90% of the documented cases).
Second, among the vast number of possible protein interac-
tions, few interactions are realised, leading to a high feature
sparsity and dimensionality. Note that the addition of PPI
features brings a major challenge: the selection of the subset
of protein interactions that are most suitable to perform an
accurate prediction.

Given the previously described challenges of using PPI
features and the fact that the quality of the feature set used
to build a classification model has an enormous impact on
its predictive accuracy [12], [13], feature selection methods can
be used to cope with this problem. This type of methods



aims at improving the predictive accuracy of the classifier
by selecting a subset of relevant features. So, in this work,
we propose a novel feature selection method tailored to
deal with uncertain features, and we evaluate the proposal
on uncertain features that represent interactions between
proteins. As an additional contribution, we evaluated the
effectiveness of combining GO and PPI features to predict a
gene’s effect on an organism’s longevity. We also interpret
the results of our method, showing that it can be a source of
new biological insight.

This work is organised as follows. Section 2 reviews
background and related work. Section 3 presents our novel
feature selection method for uncertain features. Section 4
presents the results of experimental evaluations. Lastly,
conclusions are presented in Section 5.

2 METHODS
2.1 Classification on Uncertain Feature Spaces

A classification problem can be formally defined as follows.
Let X = {X, Xa,..., X4} be the set of predictive features,
where d > 1, and C = {C1,C5,...,Cy} be the finite
set of possible classes, where ¢ > 2. Given a training set
D = {(z1,y1), (z2,¥2), ..., (@n,yn)}, where each instance
i is associated with a class value y; € C and a feature
vector z; = {(@;1, Ti2, ..., %iq)}, where each x;; represents
the value of the feature X; in the instance i, the goal in the
classification task is to learn a classifier h(X) — y from D
that, given an unlabelled instance F = (z,?7), is capable of
predicting its class .

In this work, the uncertain feature space is defined as
follows. Given an instance z; = {(z;1,2;2,...,%q)}, each
value z;;, where 0 < z;; < 1, represents a certainty score
defining how likely the i-th instance has a positive feature
value, which indicates that the protein represented by that
instance interacts with the protein associated with the j-
th feature. That is, if x;; > x;2, this means that the i-
th instance is more likely to be positively associated with
the first feature than to the second feature. Note that this
certainty score is not necessarily a standard probability.

2.2 Feature Selection

Feature selection can be defined as finding a feature subset
F C X, such that the predictive model h(F') has a higher
predictive accuracy than h(X). It usually involves the re-
moval of irrelevant or redundant features.

Feature selection methods, as a type of data pre-
processing method, can be categorized into wrapper and
filter methods [12], [13]. Wrapper methods measure the
relevance of a feature subset by assessing the predictive
accuracy of a classifier built using that subset. Hence, they
select features tailored to the target classification algorithm,
but they tend to be very time-consuming. By contrast, filter
methods evaluate the predictive power of features generally,
by using a relevance measure that is independent of the
target classification algorithm. Filter methods tend to be
much faster and more scalable than wrapper methods.

Feature selection and classification methods can also be
categorized as eager or lazy. Eager methods select a single
subset of features based on the training instances. Then, a
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model trained with the selected features is used to predict
the class of any test instance. By contrast, lazy methods
select a feature subset tailored for each test instance [1],
[16], by observing the feature values in that test instance.
Hence, lazy learning methods use one classification model
for each testing instance, while eager methods build a single
classifier for all testing instances.

The feature selection method proposed in this work (in
Section 3) is a filter method that follows the lazy paradigm.

2.3 Related Work

Although uncertain features are present in many different
applications (such as sensor data, biology data, among oth-
ers), there are very few feature selection methods capable of
exploring uncertain features in the literature. For instance,
in [11], a feature selection method for graph classification is
introduced. It deals with graphs where the linkage of nodes
are fundamentally uncertain (i.e., each connection between
two nodes holds a likelihood of being a real connection).
The graph structure used in that work is broadly similar to
those found in PPI networks. Note, however, that we are not
interested in finding graph subsets, which is a significant
difference between their approach and the one reported
here.

Another feature selection method for uncertain data
was proposed by [3]. They introduced a modified mutual
information evaluation measure capable of dealing with un-
certain features in two steps. First, each feature is evaluated
by the modified mutual information measure. Second, a
threshold is used to select the x% of features with better
mutual information values to build the classifier. However,
the uncertain data employed is quite different from the one
described in this work, since each feature value is described
by a Gaussian distribution. Another significant difference is
the fact that the data used to build the classification model
is not initially uncertain. The Gaussian distribution is built
as follows. First, the real feature values are used as the mean
of the distribution, and a user-defined parameter is used as
the standard deviation of the distribution (this parameter is
equal for every instance/feature in the dataset). Note that,
this approach is very different from the method described
in our work, where the uncertainty information is given
as an input. Also, apart from having a hard effort to tune
user-defined parameter, it has another significant drawback:
it cannot handle high-dimensional data since it relies on a
Kernel Density Estimation (KDE) to compute the mutual
information, which is notably a computationally expensive
method [3].

2.4 Data Preparation
24.1 Gene Ontology (GO)

The Gene Ontology (GO) database [23] annotates genes us-
ing terms from a expert-defined ontology. These annotations
are from three different types: (i) Molecular Function (MF),
which describes the molecular activities of individual genes;
(ii) Cellular Component (CC), which contains information
about where the gene products are active; and (iii) Biological
Process (BP), containing the pathways and more general
processes to which that gene product’s activity contributes.



2.4.2 Protein-Protein Interections (PPI)

Protein-Protein Interactions (PPI) are defined as physical
contacts (or functional interactions) between proteins that
occur in a cell of a living organism [20]. There are many dif-
ferent databases describing interactions between proteins.
In this work, we use the STRING database [22], which con-
tains a collection of known and predicted protein-protein
interactions. These interactions can be either direct (physical
interaction) or indirect (functional interaction). The infor-
mation available in this database comes from the following
sources: computational prediction, lab experiments, knowl-
edge transfer between organisms, automated text mining
and from interactions observed in other databases. In the
STRING database, each PPI is associated with a score calcu-
lated from the information in the database which indicates
the confidence of certain interaction being actually present.
Le., a high confidence score means that there is more sup-
port regarding a given interaction in the database.

2.4.3 Building Datasets

We generated 28 datasets of ageing-related genes, using a
similar methodology described in ( [21], [25], [27]), concern-
ing the effect of genes on an organism’s longevity. These
datasets were created by integrating data from the Human
Ageing Genomic Resources (HAGR) GenAge database (ver-
sion: Build 17) ( [14]), the Gene Ontology (GO) database
(version: 2015-10-10) ( [23]) and Protein-Protein Interactions
from the STRING database ( [22]). HAGR is a database of
ageing- and longevity-associated genes in model organisms
which provides ageing information for genes from four
model organisms: C. elegans (worm), D. melanogaster (fly),
M. musculus (mouse), and S. cerevisiae (yeast). As described
earlier, the GO database provides three types of GO terms
(features): biological process (BP), molecular function (MF)
and cellular component (CC). So, for each of the 4 model
organisms, we created 7 datasets, with 7 combinations of
GO types, denoted by BP, CC, ME, BP.CC, BPMF, CC.MF
and BP.CC.MFE. In each of these datasets, for each gene
(instance), we incorporated the PPI features according to the
data available in the STRING database.

Hence, each dataset contains instances (genes) from a
single model organism. Each instance is formed by a set
of binary features indicating whether or not the gene is
annotated with each GO term, a set of uncertain features
containing the score of each PPI and a binary class variable
indicating if the instance is either positive (“pro-longevity”
gene) or negative (“anti-longevity” gene) according to the
HAGR database. To reduce overfitting, GO terms and PPI
features with low support (annotating less than 3 genes)
were removed from the dataset. Also, genes with no positive
GO feature value were discarded. Thus, the number of
instances of a dataset for a given model organism may vary
across types of GO terms. Likewise, the number of GO terms
vary across model organisms.

Information about the 28 datasets (7 datasets for each
of 4 organisms) is shown in Table 1. The first column
shows the organism associated with each dataset. The other
columns show, respectively, the number of instances (#Inst),
the number of features (#Feat), the number of GO terms
(#GO), the number of PPI features (#PPI) and the proportion
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of instances from the positive (“pro-longevity”) class (%P
Class).

TABLE 1
Detailed information about the datasets used in the experiments.

Dataset #Inst  #Feat #GO #PP1 %P Class
BP 657 12438 990 11447 344
cC 484 11163 177 10985 364
§ ME 504 11151 262 10888 37.7
< BPCC 664 12625 1167 11457 34.3
(@] BP.MF 663 12732 1252 11479 34.2
CC.MF 566 11730 439 11290 36.2
BPCCMF 667 12910 1429 11480 343
BP 132 7359 799 6559 72.0
5§ CC 122 6549 88 6460 705
S, MF 126 6698 144 6553 70.6
§ BP.CC 133 7502 887 6614 714
£ BPMF 133 7558 943 6614 714
2 CCMF 130 6816 232 6583 70.7
BPCCMF 133 7646 1031 6614 71.4
BP 109 11513 1331 10181 68.8
- CcC 107 10236 141 10094 68.2
§ MEF 106 10323 239 10083 67.9
< BP.CC 109 11654 1472 10181 68.8
; BPMF 109 11752 1570 10181 68.8
CCMEF 109 10562 380 10181 68.8
BPCCMF 109 11893 1711 10181 68.8
BP 331 6305 843 5461 13.3
. cc 331 5606 144 5461 133
5 MF 331 5682 220 5461 13.3
§ BP.CC 331 6449 987 5461 13.3
& BPMF 331 6525 1063 5461 13.3
CC.MF 331 5826 364 5461 13.3
BPCCMF 331 6669 1207 5461 13.3

3 A NOVEL LAzY FEATURE SELECTION METHOD
FOR UNCERTAIN FEATURES

We propose a new feature selection filter method called
Lazy Feature Selection for Uncertain Features (LFSUF). The
intuition behind this method is as follows. In the handled
uncertain data, a feature value with high confidence (i.e., a
feature value around one) means that the positive feature
value has strong evidence of being actually present in an
instance. Conversely, a feature value with low confidence
(i.e., a feature value around zero) means that the feature
is probably not present. Hence, LFSUF aims to select the
subset of features whose positive value has the highest
confidence (i.e., the highest likelihood of being present) in
each test instance (adopting the lazy learning paradigm).
Furthermore, the proposed method aims at selecting the
subset of features which best correlates with the target class.
In summary, the strategy aims at selecting, for each test
instance, a subset of features with high confidence that also
correlates well with the class.

LFSUF works as follows. In a preliminary step, the LF-
SUF evaluates the relevance r;, using the F-Statistics (FStat)
[29] of each feature X; € X. Then, we build a subset



of features F' € X containing all features with relevance
greater than the mean of all relevance values (7). In the
testing phase, given a test instance ¢ and a threshold th,
LFSUF looks at every feature F' in t, comparing the value of
the feature with the threshold th. When the feature value
is greater than the threshold, LFSUF sets this feature as
selected. At the end of the process, LFSUF removes every
feature not marked as selected, and the remaining features
are used in the lazy classification of the current test instance
t. The LFSUF algorithm is executed for each test instance.
However, note that the relevance array is computed only
once in the preliminary step, which is the most computa-
tionally expensive part of the algorithm, and then it is stored
in memory to be used whenever a new instance needs to be
classified.

Algorithm 1 describes LESUF in detail. This algorithm
outputs a subset of features named SelectedFeatSubSet.
In the preliminary step (lines 1 to 6), the array Relevance
receives the relevance value of every feature X; in X (lines
2 to 4). Then, in line 5, LFSUF calculates the mean of the
relevance values. After that, every feature whose relevance
value is greater than (or equal to) the mean relevance 7 is
assigned to the subset F'.

Algorithm 1 Lazy Feature Selection for Uncertain Features
(LFSUF)

Input : ¢ (test instance) and a threshold th

Output: a subset of features SelectedFeatSubSet

: # Begin of the preliminary step

: for each feature X; in X do
Relevance[ X;] < FStat(X;)

: end for

: T < mean(Relevance)

: I + {all X; whose Relevance|X;] > T}

U W N e

N

: # Begin of the testing step

8: Fipar < F1

9: for each feature [} in t do
10:  Status[F;] < “Removed”
11: end for

12: for each feature F; in t do
13 if Value(F;,t) > th then

14: Status|[F;] + “Selected”

15:  end if

16:  if Value(F;,t) > Value(Fpqz,t) then
17: F,maa; — FZ

18:  end if

19: end for

20: if Value(Fya.,t) < th then

21:  Status[Fpg.] < “Selected”

22: end if

23: SelectedFeatSubSet < features with Status set to
“Selected”

24: return SelectedFeatSubSet

The main phase of LESUF works as follows (lines 7 to
24). First, LFSUF assings the first feature in I to the variable
Frae (line 8). Next, the Status array is initialised with the
“Removed” value for all features. In line 12, for each feature
F; in F, the function Value(Fj, ) returns the value of F} in

4

the test instance ¢. The returned value is then compared to
th (line 13). If the returned value is greater than th then this
feature will be used in the classification task and is marked
with the “Selected” tag (line 14). In line 16, we verify if the
value of Fj in t is the maximum value found so far. If this
is true then we update the pointer F};,q;. In lines 20 to 22,
we verify if the highest feature value for a given instance is
less than the threshold th. If this is true then no feature was
selected, and in this special case we mark the feature with
the highest value as “Selected”. Finally, the feature subset
SelectedFeatSubSel receives all features whose Status is
“Selected” and this subset is returned by the algorithm (lines
23 and 24). Then, a lazy classifier is executed for the test
instance ¢ using only the selected features. Note that, if
no feature has a value greater than the threshold th, the
algorithm looks for the highest feature value in the instance
and set that feature to “Selected”, so there is always at least
one feature being used in the classification task.

The LFSUF method presents some desirable character-
istics: (i) it selects only feature values with high chance of
being true (assuming that the threshold value is relatively
high), which are clearly more informative than features with
low confidence; (ii) since the number of features values with
low confidence is large, it tends to select fewer features than
the other methods used in our experiments (as shown later).

4 RESULTS

In this Section, we present and analyse the experimental
results in terms of predictive accuracy, testing: (i) what is the
effect of combining GO and PPI features in the predictive
accuracy of two classifiers for predicting longevity-related
genes, and (ii) how effective is our feature selection method
(LFSUF) in dealing with uncertain features.

4.1 Experimental Methodology

To select the best classification algorithm for this problem,
we compared three traditional classifiers (1-NN with Eu-
clidean distance, Naive Bayes, and Random Forest) and
two classifiers tailored for uncertain data: 1-NN using a
distance measure capable of dealing with uncertain values
called Probabilistic Jaccard [15] and a Decision Tree tailored
for uncertain data (DTU) [18]. This comparison is pro-
vided as a supplementary material. Then, after this initial
evaluation, for all experiments in this work, we employed
the traditional Naive Bayes (NB) and the 1-NN using the
Jaccard distance (1-NN hereafter), since they achieved the
best predictive results. It is worth noting that both NB and
1-NN with Euclidian distance were previously used to the
prediction of longevity genes [24], [25], [26], [27].

The predictive accuracy was estimated by 10-fold cross-
validation. Since most datasets have imbalanced class dis-
tributions (see Table 1), we evaluated the methods’ pre-
dictive accuracy by using the Geometric Mean (GM) of
sensitivity and specificity, which is defined as: GM =
V/Sensitivity * Specificity. A classifier that assigns the
instances to each class with probability 0.5 would have a
GM of about 50%.

To determine whether the differences in GM are statis-
tically significant, we ran the non-parametric, rank-based




Friedman test and the Holm post-hoc test ( [7]), as recom-
mended by [2]. First, the Friedman test was run with the
null hypothesis that the average ranks (based on GM values)
of all methods are the same. The alternative hypothesis
is that there is a difference between the average ranks of
all methods as a whole, without identifying which pairs
of methods have significantly different results. If the null
hypothesis is rejected, we run the Holm post-hoc test (which
corrects for multiple hypothesis testing) to compare the
results of the best method overall against each of the other
methods. Both the Friedman and Holm test were used at the
0.05 significance level.

4.2 The Effect of Combining GO and PPl Features in
the Predictive Accuracy of Two Classifiers

The effect of combining GO and PPI features for predicting
ageing-related classes is still unclear in the literature. To
answer this question, we evaluated the 28 datasets con-
taining GO and PPI features, described earlier. We created
two versions of each dataset. The first version contains GO
features only, and the second version contains both GO and
PPI features. It is worth mentioning that the Probabilistic
Jaccard distance used in the 1-NN classifier behaves like a
traditional Jaccard distance when features are not uncertain
(such as the GO feature set).

Table 2 presents the results of the computational exper-
iment. The numerical columns show the GM results for
Naive Bayes and 1-NN, when applied to GO and GO.PPI
feature sets. Each row presents the GM results for a given
dataset. The last but one row presents the average rank
(Avg. Rank) for each feature type (GO and GO.PPI), for each
classifier (Naive Bayes and 1-NN). This was calculated by
first assigning the rank 1 (or 2) to the best (or worst) feature
set type for each of the 28 datasets, and then averaging each
feature set type’s rank across the 28 datasets. The last row
shows the number of wins (i.e., the number of times that
a feature set type had the highest GM), for each classifier.
In the row right below the table, the symbol >~ denotes
a statistically significant difference between methods, e.g.,
{a} > {b, c} means that a is significantly better than b and c.

The results show that, for 1-NN, the feature set using
GO and PPI has the best performance overall. It has the
best average rank (1.21) and the highest number of wins (22
out of 28 datasets). This result is statisitically significantly
better than the one using GO features only, according to the
Holm test (p-value = 0.002). On the other hand, for Naive
Bayes, using only GO features leads to the best Avg. Rank,
with the highest GM in 18 out of 28 datasets, but there is no
significant difference between the results for using only GO
features vs. GO and PPI features (p-value = 0.138).

The two best overall results in Table 2 are NB with GO
features and 1-NN with GO and PPI features. When directly
compared, the 1-NN combining both types of features out-
performed the NB with only GO features in 24 out of 28
datasets.

In summary, combining GO and PPI features improve
predictive accuracy by comparison with using only GO
features in most cases when using the 1-NN classifier, but
the opposite effect was observed with the Naive Bayes (NB)
classifier — i.e., it performs better when trained using only

TABLE 2
Geometric mean of sensitivity and specificity (%) obtained by Naive
Bayes and 1-NN on GO and GO.PPI feature sets with no feature

selection.
Naive Bayes 1-NN
Datasets GO GO.PPI GO GO.PPI
BP 6195  69.30 | 5643  64.56
cC 6571  66.84 | 6043  63.50
£ MF 5756  69.43 | 5400  66.96
g BPCC 61.87 7067 | 6142  66.58
& BPMF 61.89 7158 | 5848  65.44
CC.MF 6422  68.58 | 60.44  62.86
BPCCMF 6238  69.44 | 5860  66.72
BP 5937  59.41 | 6612  62.70
§ CC 66.69 5877 | 7239  69.16
§ MF 57.98 5780 | 55.68  59.42
§ BP.CC 57.65 5598 | 6356 6791
£ BPMF 5725 5598 | 6540  66.48
2  CCMF 6578  59.11 | 5971  66.15
BPCCMF  59.36 5598 | 6447  65.63
BP 59.06  59.53 | 68.35  64.78
. CC 64.07 5897 | 5340  65.66
§ MEF 6345 5945 | 6341  70.39
S BPCC 6741  57.05 | 67.36  62.12
; BP.MF 64.88  57.05 | 6954 6694
CC.MF 61.62 5746 | 6115 7414
BPCCMF 7024 5746 | 69.00  63.21
BP 6151 5238 | 5789  62.65
. Cc 57.60 5032 | 5394  63.24
E MF 3423 5032 | 4558  60.28
S BPCC 63.08 5248 | 6266  67.05
i. BP.MF 6213 5238 | 55.04  62.54
CC.MF 59.87  50.32 | 4730 6157
BPCC.MF  62.82 5248 | 5745  64.15
Avg Rank 1.36 1.64 1.79 1.21
#Wins 18 10 6 22

T-NN: {GO.PPI} » { GO}

the subset of GO features. NB is known to have a poor pre-
dictive accuracy when applied to highly correlated features,
which is more likely to happen on high dimensional feature
spaces [12]. So, this weak result for NB can be explained by
the very large number of PPI features, which is about 10
times the number of GO features.

In the next section, we add a pre-processing step to our
predictive workflow by using a feature selection method
for uncertain features with the objective of improving the
predictive accuracy of NB and 1-NN.

4.3 Comparison of Feature Selection Methods for Un-
certain Features Using GO and PPI Features

To assess the effect of our proposed feature selection method
on uncertain features, we run an experiment comparing
our LFSUF method against two traditional feature selection
methods from different paradigms and a baseline that does
not perform any feature selection, all implemented within
the Weka tool [6]. The first traditional feature selection
method is a wrapper method with best first search (BF)



available in the tool. BF was executed with default parame-
ters and the GM measure as the optimisation function. The
second method is a filter approach using the F-statistics. It
computes the FStat for each feature and selects the thyg¢q:%
features with the highest values. Since FStat is very sensitive
to the thysq¢ parameter, we select it by running an internal
3-fold cross-validation on the training set with th ;. being
selected from 1, 5,10, 25 and 50.

The LFSUF method uses a threshold (th) that regulates
the level of confidence that features need to have in order
to be used by the classification algorithm. Similarly to the
FStat, we calibrate the parameter th of LFSUF by running
an internal 3-fold cross-validation, with th being selected
from .150,.400,.700 and .900. Those threshold values are
the confidence levels suggested in the STRING database
[22].

Tables 3 and 4 show the result of our experiment
for Naive Bayes and 1-NN respectively using the GO.PPI
dataset. These tables show first the GM results when ap-
plying no feature selection (column ‘No FS’, with the same
values as column GO.PPI in Table 2), and then the results
for the BE, FStat and LFSUF methods.

These tables show that LESUF achieved the best predic-
tive accuracy-based average rank (across datasets) for both
NB and 1-NN. For NB, LFSUF achieved the highest number
of wins in 21 out of 28 datasets, and also the best average
rank which was significantly better than the average rank
of FStat, No FS and BF (Holm p-values of 0.022, 0.001
and 0.001, respectively). For 1-NN, LESUF also obtained
the best average rank and the highest number of wins,
outperforming the other methods in 24 out of 28 datasets,
with statistically significantly better average ranks than No
FS, FStat and BF (Holm p-values of 0.034, 0.001 and 0.001,
respectively). It is also worth saying that for both NB and
1-NN, LFSUF is always the best method for, respectively, S.
cerevisiae and C.elegans datasets.

Note also that the best overall results in Tables 3 and 4
were obtained by LFSUF for NB and 1-NN, respectively.
When these two results are compared, LFSUF with NB
outperforms LFSUF with 1-NN in 18 out of 28 datasets.
This result confirms that using PPI features along with GO
features is helpful, since NB with LFSUF using GO and PPI
features outperformed NB without feature selection using
GO features only.

These results are particularly interesting since, for both
classification algorithms, the predictive accuracy increases
with the use of our feature selection method for uncertain
features, showing that combining GO and PPI features and
using our method clearly increases predictive accuracy.

4.4 Comparison of Feature Selection Methods for Un-
certain Features using PPl Features

In the experiments reported in the previous section, all
datasets contain features from GO (certain features) and
PPI (uncertain features). However, it is also interesting to
measure the predictive accuracy of the feature selection
methods using only uncertain PPI features. For this task, we
use four datasets (one for each model organism) with PPI
featurs only, i.e., without any GO features. Like in the last
section, we compare our feature selection method LFSUF

TABLE 3
Geometric mean of sensitivity and specificity (%) obtained by NB with
LFSUF and traditional feature selection methods using the GO.PPI

datasets
Datasets No FS BF FStat LFSUF
BP 69.30 59.15 6899  69.20
. CC 66.84 6451 6552  71.09
§0 MF 6943 6237 6745  70.40
5 BP.CC 70.67 6250 6827  70.21
BPMF 7158 6251 6781  70.04
CC.MF 6858 6270 63.02 7217
BPCCMF 6944 6110 6540  70.68
_ BP 59.41 5207 69.93 59.81
“§ CcC 5877 5741 6844  69.90
¥  MF 5780 5396 6049  62.66
< BPCC 5598 59.16 60.03  64.77
§ BP.MF 5598 5099 6152  64.35
CC.MF 59.11 47.86 7028  68.90
BPCCMF 5598 6315 6491 6557
BP 5953 5335 6948  71.18
ERee 5897 60.18 6378  69.07
g MF 5945 57.63 6601 7027
§ BP.CC 57.05 5335 66.82 7257
=  BPMF 57.05 5253 7455  73.80
CC.MF 57.46 5202 73.03 7113
BPCCMF 5746 5477 7158  72.00
BP 5238 5997 6670  74.57
v CC 50.32 6126 60.37  73.52
2 MF 50.32 5737 62.04 7131
§ BP.CC 5248  60.11 6859  74.22
“ BPMF 5238 57.22 66.83  73.53
CC.MF 50.32 56.83 56.09  73.01
BPCC.MF 5248 5435 6720 73.88
AvgRank  3.00 357 218 1.25
#Wins 3 0 4 21

{LISUFT = {FStat, No IS and BF}

against the feature selection methods BF and FStat, as well
as against the baseline No FS.

Table 5 shows the results for NB. LFSUF achieved a
perfect average rank of 1 (winning in all 4 datasets), being
statistically significantly better than No FS, BF and FStat
methods (Holm p-values of 0.003, 0.019 and 0.007, respec-
tively).

Table 6 shows the results for 1-NN. Again, LFSUF ob-
tained the best average rank and the highest number of
wins, being statistically significantly better than No FS, BE,
and FStat methods (Holm p-values of 0.048, 0.003 and 0.019,
respectively). The results show that LESUF performed better
than all other methods for all but one model organism. The
exception was the D. melanogaster dataset, where 1-NN had
higher predictive accuracy when no feature selection was
used.

4.5 Evaluating the Feature Space Compression

Apart from the predictive accuracy of a classifier, another
important result to be evaluated is the number of features
selected for classifying each instance. LESUF benefited from



TABLE 4

TABLE 6
GM of sensitivity and specificity (%) obtained by 1-NN with LFSUF and
traditional feature selection methods, using only uncertain (PPI)

Geometric mean of sensitivity and specificity (%) obtained by 1-NN
with LFSUF and traditional feature selection methods using the GO.PPI

features.

Dataset No FS BF FStat  LFSUF
C.elegans 65.18 5492 60.00  68.74
D.melanogaster ~ 64.04 4995 53.31 57.95
M.musculus 6525 6299 6847 72.03
S.cerevisiae 60.65 66.75 42.59 67.98
Rank 2.25 3.50 3.00 1.25
#Wins 1 0 0 3

dataset.
Datasets No FS BF FStat  LFSUF
BP 6456 6545 6203  67.12
cC 6350 6227 6380 6831
¢ MF 6696 6253 58.86  69.13
£ BPCC 6658  67.66 60.61  67.93
G BPMF 6544 6476 6136  68.62
CC.MF 6286 6360 6019  68.94
BP.CCMF 6672 6415 60.06  68.59
BP 6270 5675 60.50  63.69
5 CC 69.16 6747 6531  76.29
£ MF 5942 5375 5527  64.23
£ BPCC 6791 67.68 6735  62.11
T BEMF 6648 50.89 6550  68.74
8 ccMF 66.15 64.64 6546  66.42
BP.CC.MF 6563 6578 68.83  70.95
BP 6478 56.87 7184  72.80
. CC 65.66 5848 6587  68.06
< MF 7039 5819 6890  75.04
§ BP.CC 62.12 5589 6611  70.54
; BP.MF 6694 56.87 7856  74.24
CC.MF 7414 6213 7133 7710
BPCCMF 6321 60.00 7311  72.84
BP 62.65 5386 2542  73.67
g CC 63.24 5424 4244 6227
2 MF 6028 5582 34.03  67.72
§  BPCC 6705 57.81 3354 7015
“  BPMF 6254 5492 29.72  69.94
CC.MF 6157 5584 4014  62.89
BPCCMF 6415 5851 39.99 7123
AvgRank 232 329 318 121
#Wins 2 0 2 24

{LFSUF} = {FStat, No FS and BF}

GM of sensitivity and specificity (%) obtained by NB with LFSUF and
traditional feature selection methods, using only uncertain (PPI)

TABLE 5

features.

Dataset No ES BF FStat LFSUEF
C.elegans 69.21 6059 59.81 70.32
D.melanogaster ~ 5597  56.20 59.22  63.61
M.musculus 55.11 5848 67.01 72.07
S.cerevisine 50.22 62.48  30.09 73.15
Rank 3.25 2.75 3.00 1.00
#Wins 0 0 0 4

{LFSUF} = {BF, FStat, No FS]

{LFSUT} = {No I'S, TStat, BI}

its flexibility as lazy feature selection method and selected
a very small number of features customized for each test
instance. By contrast, BF and FStat select substantially larger
subsets of features (which are used for classifying all in-
stances). On average across all datasets, LESUF selected only
0.96% (for NB) and 2.68% (for 1-NN) of all PPI features. BF
selected 5.01% (for NB) and 3.29% (for 1-NN) of all PPI
features. The worst result was obtained by FStat, which
selected 19.00% (for NB) and 18.00% (for 1-NN) of all PPI
features. Recall that GO features do not undergo selection,
ie., all GO features are used for classifying every test
instance.

Hence, LFSUF achieved overall the best predictive ac-
curacy with the lowest number of features for both the 1-
NN and the NB classifiers. This seems due to the removal
of a large number of features with low predictive power.
In the context of the LFSUF method, features with low
predictive power are those whose feature value scores are
low, representing low-confidence protein interactions.

4.6 Analysis of the Most Frequent Selected Features

We have ranked all PPI features for each model organism
in decreasing order of selection frequency by the LFSUF
method. For this ranking we used the datasets containing
only PPI features (i.e., no GO features) and the results of NB
classifier, since it achieved the best results overall. Due to
space constraints, the full ranking is available online!.The
top-7 features for each of the 4 datasets (one per organism)
of PPI features are shown in Table 7. In this table, the
first column shows the model organism. This column is
followed by the protein name, the number of instances
(#Sel.) and the percentage of instances for which the feature
was selected (%Sel).

Some of the most selected features have known relation
with ageing, as can be verified in the HAGR database, which
contains annotated pro-/anti-longevity genes and was used
to build the datasets used in this work. In other words,
these features are also instances in our datasets. Based on
that, we verify that some of the top selected features rep-
resent interaction with known pro-longevity proteins — for
example: protein F52C6.2 from C. elegans, which is ranked
as the 6th most selected feature for that organism, and Pten,
which is ranked 4th for the M.musculus organism. Also, for
S. cerevisiae, the protein PET127 is a known anti-longevity

1. http://github.com/pablonsilva/FSforUncertainFeatureSpaces



TABLE 7
Top-7 PPI features selected by LFSUF for each model
organism (dataset), sorted by selection frequency.

Protein #Sel  %Sel.
rab-14 219 3282
hsd-3 133 19.94

£ YIHB5 123 1844
2 pod2 120 17.99
S a2 114 17.09
F52C62 112 1679
F11D57 111 16.64
Ripkd 25 2294
. Lho 18 1651
S Polr2k 16 14.68
2 Pten 13 1193
S Radsic 13 1193
Rarg 12 11.01
Tkt 111009
CIF4E-3 33 2481
5 arid 28 2105
§  elF4E4 27 20.30
€ DPGRPSBI 21 1578
T ot 21 15.78
S ceus2 20 1504
AnxB11 18 1353
RPS7B 129 3897
NOC4 37 1118
5 rus 36 1088
§ spoxo 35 1057
3 utpe 3B 1057
UTP25 35 1057
PET127 341027

protein, and its ranked as the 7th most selected feature for
that organism.

5 CONCLUSIONS

In this paper, we tackled the problem of feature selection
in datasets containing Protein-Protein Interaction (PPI) fea-
tures with uncertain values, i.e., feature values represented
by a confidence score — where the higher the score, the
higher the chance of the current instance (protein) actually
interacting with the protein associated with the PPI feature.
In this context, we proposed the Lazy Feature Selection for
Uncertain Features (LFSUF) method, based on the hypothe-
sis that, for a given instance, a feature with high confidence
score has better class-discrimination power, since it has a
strong evidence of being present in the current instance.
The proposed LFSUF method obtained overall the best
predictive accuracy in the classification of pro-longevity
vs. anti-longevity genes from four model organisms, when
using two different classifiers (Naive Bayes and 1-NN) and
two different types of feature sets — first, using both Gene
Ontology (GO) and uncertain PPI features; and second,
using only uncertain PPI features. Also, note that LFSUF
achieved better predictive accuracy using smaller selected
feature sets on average, when compared against other fea-
ture selection methods. This is desirable, since it improves
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the interpretability potential of the predictions made by the
model. In summary, our results indicate that the application
of lazy feature selection on datasets with uncertain features
is an effective approach, leading to higher predictive accu-
racy and better interpretability potential.

Future work could include the proposal of novel feature
selection strategies for other types of uncertain features.
And also exploiting other feature selection paradigms, such
as the wrapper approach.
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Table 1. Geometric mean of sensitivity and specificity (%) obtained by Naive

Bayes, 1-NN with Euclidian distance, Random Forest (RF), Decision Tree for Un-

certain Data (DTU) and 1-NN with Probabilistic Jaccard (1-NN Jacc.) distance.
Datasets NB 1-NNEuc. RF UDT 1-NN Jacc.

BP 6930 5840  64.08 6699  64.56
5 CC 66.84 5985  61.98 5937  63.50
S MF 6943 5342 6455 6351  66.96
< BPCC 70.67 5994  61.96 6536  66.58
U BPMF 7158 5801  64.60 67.05 6544

CCMF 6858 5859 6321 6098  62.86

BPCC.MF 69.44 5996 6198 6544  66.72
. BP 5941 5877 3745 6080  62.70
3 cC 5877 7185 3611 6663  69.16
L MF 5780 5130 3496 60.88  59.42
§ BPCC 5598 5609 3596 51.08  67.91
S BPMF 5598 5451  39.19 5620  66.48
Q  CC.MF 59011 6095 3957 71.07  66.15

BPCC.MF 5598 5679  34.82 6273  65.63

BP 5953  65.09 5583 6340  64.78
g cc 5897 5501 4470 49.12  65.66
S MF 5945 6131 5014 67.63 7039
S BPCC 5705 6431 5094 4533  62.12
S BPMF 5705 6277 5724 49.16  66.94

CCMF 5746 4888 5097 60.19  74.14

BPCC.MF 5746  65.51 4494 4945 6321

BP 5238 5468 2734 5049  62.65
§ cc 5032 5249  31.57 4378  63.24
2 MF 5032 4351 2232 49.09  60.28
¥ BPCC 5048 5447 2729 5241  67.05
& BPMF 5238 4983 2232 5193  62.54

CC.MF 50.32 48.19 2236 44.84 61.57
BP.CC.MF 52.48 45.57 15.76  54.99 64.15
Rank Avg.  2.57 3.29 446 3.1 1.57
#Wins 7.00 4.00 0.00  2.00 15.00




