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Binary approach results in worse Accuracy and Subset Accuracy measures on the full
dataset. However on smaller datasets it outperforms LP and some of other combinations
in terms of all three measures.

The results for both datasets strongly support our hypotheses 1 and 2 that the pro-
posed Dependent Clusters approach can provide results better that the Binary one and
in many cases close to or even better than the LP approach. The results also support hy-
pothesis 4(2) that the LP approach is preferable if a rich training set is available. Results
for the Emotions dataset also support hypothesis 4(1) that the Binary approach could
be preferable for small training sets. However, this hypothesis is not supported by the
results for the Scene dataset. We plan to investigate this issue using additional datasets.

Surprisingly, the H-Loss of the Binary method in many cases on both datasets has
values relatively low compared to those of LP and other combinations. This result con-
tradicts our hypothesis 1 that the simplicity of the Binary model causes more errors.
This issue should be further investigated using additional datasets.

We also present some graphs demonstrating the correlation between Accuracy and
H-Loss measures for different training set sizes of the Scene dataset. The graphs for the
full dataset with 2407 instances, for the medium dataset with 1207 instances and for
the small dataset with 207 instances are presented in Figure 2. The points on the graphs
mark the Accuracy and H-loss measures obtained for different group combinations.

Fig. 2. The correlation between Accuracy and Hamming-Loss measures for the training sets with
2407, 1207 and 207 instances (Scene dataset).
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We can see that for small and medium dataset sizes the general tendency of the cor-
relatio n between Accuracy and H-Loss measures is as expected, i.e., for lower Accu-
racy values the H-Loss values are higher. However, for the full dataset size, the tendency
of Accuracy and H-Loss measure is the opposite. There are higher values of H-Loss at
higher Accuracy results. Also, we observe a strong correlation between the H-loss and
Accuracy measure for small datasets and that this correlation reduces as the dataset size
increases.

As for the Accuracy vs. H-Loss graphs of the Emotions dataset we will not present
them here. Just let it be noted that the correlation between those measures is as expected
(higher H-Loss values at lower Accuracy) for all training set sizes of this dataset. Recall
that the Emotions dataset is considered to be of small to medium size.

From these observations we conclude that the correlation between Accuracy and
Hamming-Loss is dataset-dependent, which is a point of interest for further investiga-
tion.

Consider the Accuracy and Hamming-Loss measures of the selected combinations
at different training set sizes in both datasets (see graphs in Figure 3). From the graphs

Accuracy and H-Loss of selected combinations at data set with 2407 instances Accuracy and H-Loss of selected combinations at data set with 593 instances
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Fig. 3. Accuracy and H-Loss of selected combinations for Scene (left) and Emotions (right) train-
ing sets of different sizes.
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we can see that (i) the Binary approach results in low Accuracy in almost all cases, ex-
cept for the smallest training set of the Emotions dataset; (ii) the LP approach results in
high H-Loss values for all training set sizes in both datasets and in low Accuracy values
in all Emotions training sets; (iii) some combinations of independent groups result in
high Accuracy and low H-Loss values for all training set sizes in both datasets. From
these observations we conclude that the clustering of labels into independent groups of
related categories may improve Accuracy and reduce H-Loss simultaneously, especially
for small training set sizes.

These results strongly support our hypothesis 3 that the proposed Dependent Clus-
ters approach results in a *middle-complexity’ model reducing overall classification
error and improving Accuracy.

5 Conclusions

From all the above results, we can conclude that the proposed approach provides a
classification accuracy that is competitive with or even better than the LP approach.
Also, the proposed approach can be applied to problems where the LP approach is not
feasible (when the labels set is too large) while providing an accuracy rate which is
higher than that of the binary approach.

In this paper we examined the proposed method in two datasets. In order to validate
the results, additional experiments with more datasets are required. Also, it will be in-
teresting to compare our approach with some recent multi-label classification methods,
such as RAKEL, EPS, and HOMER.

Moreover, other methods for identifying the label dependencies should be analyzed,
and tested. Finally, other methods for classification incorporating the identified depen-
dencies should be examined.
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Abstract. The genome-wide hierarchical classification of gene functions, using
biomolecular data from high-throughput biotechnologies, is one of the central
topics in bioinformatics and functional genomics. In this paper we present a mul-
tilabel hierarchical algorithm inspired by the “true path rule” that governs both
the Gene Ontology and the Functional Catalogue (FunCat). In particular we pro-
pose an enhanced version of the True Path Rule (TPR) algorithm, by which we
can control the flow of information between the classifiers of the hierarchical en-
semble, thus allowing to tune the precision/recall characteristics of the overall
hierarchical classification system. Results with the model organism S. cerevisiae
show that the proposed method significantly improves on the basic version of the
TPR algorithm, as well as on the Hierarchical Top-down and Flat ensembles.

1 Introduction

Gene function prediction is a multiclass, multilabel classification problem characterized
by hundreds or thousands of functional classes structured according to a predefined hi-
erarchy (a directed acyclic graph for the Gene Ontology [1] or a tree forest for Fun-
Cat [2]). Functional classes are usually unbalanced (with positive examples usually less
than negatives), with labels that can be uncertain and in many cases unknown or only
partially known.

From a general standpoint several approaches have been proposed for multilabel
classification, with applications ranging from protein function classification, to music
categorization and semantic scene classification [3].

Different approaches to the hierarchical multilabel classification of gene function
have been proposed [4,5], but schematically we can individuate two main research
lines: a) structured-output methods, based on the joint kernelization of both input vari-
ables and output labels using perceptron-like learning algorithms [6] or maximum-
margin algorithms [7]; b) ensemble methods by which different classifiers are trained to
learn each class, and then combined to take into account the hierarchical relationships
between functional classes [8—10].

Along this second line of research, we propose a multilabel ensemble algorithm,
specialized for tree-structured taxonomies, to predict the functional classes of genes.
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Our proposed approach is directly inspired by the true path rule that governs the
annotations of both GO and FunCat taxonomies [1]:

“An annotation for a class in the hierarchy is automatically transferred to its
ancestors, while genes unannotated for a class cannot be annotated for its de-
scendants”.

According to this rule the proposed ensemble method is characterized by a two-way
asymmetric flow of information that traverses the graph-structured ensemble: positive
predictions for a node influence in a recursive way its ancestors, while negative predic-
tions influence its offsprings. The resulting ensemble embeds the functional relation-
ships between functional classes that characterize the hierarchical taxonomy.

The proposed method predicts the annotations of genes at the level of the entire tax-
onomy or considering specific subsets of the hierarchical functional classes, and pro-
vides probabilistic and structured predictions of gene annotations. Moreover, by tuning
a single global parameter, it allows to regulate the trade-off between precision and re-
call that characterizes gene function prediction problems. We apply the True Path Rule
(TPR) hierarchical ensemble methods to the prediction of gene functions in yeast, using
probabilistic SVMs as base learners [11], but the algorithm is general enough to be used
with any probabilistic base learner and with other model organisms. Considering that
data integration is crucial to improve prediction performances [12], TPR ensembles can
be easily integrated with state-of-the-art biomolecular data integration methods [13],
such as vector-space integration [14], kernel fusion [15] or ensembles of learning ma-
chines [16], without any modification of the algorithmic scheme.

This paper is organized as follows: in Sect. 2 the ensemble method inspired by the
true path rule is presented. Sect. 3 summarizes the experimental set-up, while Sect. 4
show genome-wide gene function prediction results obtained with the model organ-
ism S. cerevisiae using the proposed method compared with hierarchical top-down and
“flat” ensemble approaches. The conclusions and future developments end the paper.

2 Methods

2.1 Basic Definitions

Genome-wide gene function prediction can be modeled as a hierarchical, multiclass and
multilabel classification problem. Indeed a gene/gene product x can be assigned to one
or more functional classes of the set 2 = {w;,wa,...,wy}. The assignments can be
coded through a vector of multilabels y =< y1,¥2, ..., ym >€ {0,1}"™, by which if
belongs to class wj, then y; = 1, otherwise y; = 0.

In both the Gene Ontology (GO) and FunCat taxonomies the functional classes
are structured according to a hierarchy and can be represented by a directed graph,
where nodes correspond to classes, and arcs to relationships between classes. Hence
the node corresponding to the class w; can be simply denoted by ¢. We represent the
set of children nodes of ¢ by child(¢), and the set of its parents by par(z). Moreover
Yehild(i) denotes the labels of the children classes of node 7 and analogously ypq.(;)
denotes the labels of the parent classes of 7. Note that in FunCat only one parent is
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permitted, since the overall hierarchy is a tree forest, while in the GO, more parents are
allowed, because the relationships are structured according to a directed acyclic graph.
A classifier D : X — {0,1}" computes the multilabel associated to each example
xz € X, and d;(z) € {0, 1} is the label predicted by the classifier for class w;. For the
sake of simplicity if there is no ambiguity we represent d;(x) simply by d;.

2.2 An algorithm inspired by the “True Path Rule”

In both FunCat and GO ontologies, genes annotated to a specific functional class auto-
matically belong to all its ancestors. Moreover, in FunCat, if a gene is not annotated to
a given class, none of its offsprings can be annotated .

These basic rules constitute the so called “True Path Rule” that govern both GO and
FunCat. Fig. 1 illustrates an example of the application of the true path rule.

T--T

14 07.02.02

X

Fig. 1. FunCat tree rooted at class 14 (Protein fate): if example x belongs to class 14.03.01.01
then it belongs also to class 14.03.01, 14.03 and 14. On the contrary, if an example x does not
belong to class 14.07 it cannot belong to any of its children (e.g. 14.07.01, 14.07.02, 14.07.03,
14.07.04, 14.07.05, 14.07.11).

! For the GO, this rule is slightly more complicated, because the GO is structured according to
a directed acyclic graph, and even if a gene is not annotated to a class i, it can be annotated to
a child of 4, say j, if it is annotated to at least one of its parents k # i.
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For a given example x, considering the parents of a given node i, a classifier that
respects the true path rule needs to obey the following rules:

dizljdpar(i) =1 (1)
d; =02 dpar(i) =0
On the other hand, considering the children of a given node ¢, a classifier that re-
spects the true path rule needs to obey the following rules:

di =1 depitay = 1 2
di =0 = depita) =0
The proposed hierarchical ensemble algorithm puts together the predictions made
at each node by local "base” classifiers to realize an ensemble that obeys the “true path
rule”.
The basic ideas behind the true path rule ensemble algorithm can be summarized
as follows:

1. Training of the base learners: for each node of the hierarchy a suitable learning
algorithm (e.g. a multi-layer perceptron or a support vector machine) provides a
classifier for the associated functional class

2. In the evaluation phase the trained classifiers associated to each class/node of the
graph provide a local decision about the assignment of a given example to a given
node.

3. Positive decisions may propagate from bottom to top across the graph: they influ-
ence the decisions of the parent nodes and of their ancestors in a recursive way, by
traversing the graph towards higher level nodes/classes. On the contrary negative
decisions do no affect decisions of the parent node (that is they do not propagate
from bottom to top, eq. 1).

4. Negative predictions for a given node (taking into account the local decision of its
descendants) are propagated to the descendants, to preserve the consistency of the
hierarchy according to the true path rule. On the contrary positive decisions do not
influence decisions of child nodes (eq. 2).

The ensemble combines the local predictions of the base learners associated to each
node with the positive decisions that come from the bottom of the hierarchy, and with
the negative decisions that spring from the higher level nodes. More precisely, base
classifiers estimates local probabilities p;(x) that a given example x belongs to class
wj, but the core of the algorithm is represented by the evaluation phase, where the
ensemble provides an estimate of the “consensus” global probability p; ().

In [17] we proposed a basic algorithm based on the “True Path Rule” (the TPR
algorithm), by which, given the set ¢;(z) of the children of node 4 for which we have a
positive prediction for a given example x:

¢i(z) = {jlj € child(7),d;(z) = 1} 3)

we can compute the consensus probability of the ensemble. The global consensus prob-
ability p;(x) of the ensemble depends both on the local prediction p;(x) and on the
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prediction of the nodes belonging to ¢;(z):

1

1@ pi(x) + Z pj(x) “)

JjEPi(x)

pi(z)

The decision d;(z) at node/class i is set to 1 if p;(x) > t, and to 0 otherwise (a natural
choice for ¢ is 0.5). In the leaf nodes the sum of eq. 4 disappears and eq. 4 reduces to
pi(x) = p;(x). In this way positive predictions propagate from bottom to top. On the
contrary if for a given node d;(x) = 0, then this decision is propagated to its subtree.

Note that with this basic version of the TPR algorithm there is no way to explicitly
balance the local prediction p;(x) at node 7 with the positive predictions coming from
its offsprings (eq. 4). By balancing the local predictions with the positive predictions
coming from the ensemble we can explicitly modulate the interplay between local and
descendant predictors. To this end we introduce a parent weight w,, 0 < w, < 1, such
that if w, = 1 the decision at node 7 depends only by the local predictor, otherwise
the prediction is shared proportionally to w,, and 1 — w,, between respectively the local
parent predictor and the set of its children:

. 1-—
pila) = wp - pile) + (;"ﬁ ﬁ%)w) 5)

In this way we can balance the weight of the prediction between the local component at
node 7 and the component coming from its children, thus obtaining the weighted TPR
(TPR-w) hierarchical ensemble algorithm.

The pseudocode of the TPR-w method is presented in Algorithm 1.

The algorithm is characterized by two main for loops: the external for (from row 1
to 30) handles a per level bottom-up traversal of the tree, while the internal (from row
2 to 29) scans the nodes at each level. If a node is a leaf (row 3), then the consensus
probability p; is equal to the local probability p;(z). Note that a positive decision is
taken if p;(z) is larger than a threshold ¢ (row 5). If a node is not a leaf (row 10), at
first the set ¢;(x) collects all the children nodes for which we have a positive predic-
tion, and the consensus probability p; of the ensemble is computed by considering the
weighted local estimate of the probability p; and the weighted probabilities computed
by the children nodes for which a positive decision has been taken (row 13). In case of
a negative decision for a node ¢, all the predictions relative to the subtree rooted at ¢ are
set to negative and their probabilities are set to p; if larger than p;. (rows 19-27). The al-
gorithm provides both the multilabels associated to the example x and the probabilities
p; that a given example belongs to the class 7, 1 < ¢ < m.

The bottom-up per level traversal of the tree assures that all the offsprings of a given
node ¢ are taken into account for the ensemble prediction. For the same reason we can
safely set the classes belonging to the subtree rooted at ¢ to negative, when d; () is set to
0. It is worth noting that we have a two-way asymmetric flow of information across the
tree: positive predictions for a node influence its ancestors, while negative predictions
influence its offsprings.
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Algorithm 1 Weighted True Path Rule (TPR-w) hierarchical ensemble

Input:

- a test example x

- tree 1" of the m hierarchical classes

- set of m classifiers (one for each node) each predicting p;(x), 1 <i<m
- the weight w),, of the local prediction.

1: for all levels k of T" from bottom to top do
2 for all nodes i at level k do
3 if 7 is a leaf then
4: pi(z) < pi(x)
5 if pi(z) > ¢ then
7 else
8: di(z) <0
9: end if
10: else
11: o(z) — {jlj € child(¢),d;(z) =1}
12: if |¢i(z)| > O then
13: pile) — wy - pi(e) + e S (@)
14: else
15: pi(z) < pi(z)
16: end if
17: if p;(x) > t then
18: di(z) — 1
19: else
20: di(z) <0
21: for all j € subtree(i) do
22: dj(z) — 0
23: if p;j(z) > pi(x) then
24: pi(@) — pilx)
25: end if
26: end for
27: end if
28: end if
29: end for
30: end for
Output:

For each node i:

1 if z bel to node 4
- the ensemble decisions d;(x) = ne e.ongs onodet
0 otherwise

- the probabilities p; () that = belongs to the node ¢ € T

3 Experimental set-up

We predicted the functions of genes of the unicellular eukaryote S. cerevisiae using 7

different data sets and the FunCat taxonomy.
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For each data set we evaluated the performance of four different ensembles: the
Flat ensemble, that does not take into account the hierarchical structure of the data, the
Hierarchical Top-down [18, 19], the basic True Path Rule (TPR) hierarchical ensemble
and the proposed weighted variant (TPR-w described in the previous section). The hi-
erarchical Top-down algorithm classifies an example x, where d;(x) is the classifier
decision at node 7 and root(T') denotes the set of nodes at the first level of the tree T,
in the following way:

di(x) if i € root(T')
yi = § di(x) if i & r0ot(T) A Ypar(iy = 1
0 if i & root(T) A ypar@iy =0

For each ensemble we used as base learners linear Support Vector Machines (SVMs)
with probabilistic output [11]. The performance of the ensembles have been compared
using 5-fold cross-validation techniques. The selection of the w,, parameter in TPR-w
ensembles have been performed by internal cross-validation. The threshold ¢ of TPR
ensembles has been set to 0.5 in all the experiments.

For the prediction of gene function in the yeast we used 7 bio-molecular data sets.
For each data set we selected only the genes annotated to FunCat 2, using the HCgene
R package [20]. We also removed the genes annotated only with the 99" FunCat class
("Unclassified proteins™) and selected classes with at least 20 positive examples, in
order to get a not too small set of positive examples for training. As negative examples
we selected at each node/class genes not annotated to that node, but annotated to its
parent. From the data sets we removed also uninformative features (e.g. features with
the same value for all the available examples). At the end of these pre-processing steps
we obtained data whose characteristics are summarized in Tab. 1.

Table 1. Data sets

lData set \Description \n.samples\n. feat.\n.class‘
Pfam-1 |protein domain binary data from Pfam [21] | 3529 4950| 211
Pfam-2 |protein domain log E data from Pfam [22] 3529 5724| 211
Phylo |phylogenetic data [14] 2445 24| 187
Expr |gene expression data [23,24] 4532 250| 230
PPI-BG |PPI data from BioGRID [25] 4531 5367| 232
PPI-VM|PPI data from von Mering experiments [26]| 2338 2559| 177
SP-sim [Sequence pairwise similarity data [15] 3527 6349| 211

Considering the unbalance between positive and negative examples, we adopted the
classical F-score to jointly take into account the precision and recall of the ensemble
for each class of the hierarchy.

2 We used funcat-2.1 scheme, and funcat-2.1_data_20070316, available from the MIPS web site
(http://mips.gsf.de/projects/funcat).
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Moreover, we used also the Hierarchical F-measure that represents a generaliza-
tion of the classical F-measure, in order to take into account the hierarchical nature of
functional annotation [27].

Viewing a multilabel as a set of paths, hierarchical precision measures the aver-
age fraction of each predicted path that is covered by some true path for that gene.
Conversely, hierarchical recall measures the average fraction of each true path that is
covered by some predicted path for that gene. More precisely, given a general taxon-
omy G representing the graph of the functional classes, for a given gene/gene product x
consider the graph P(z) C G of the predicted classes and the graph C(x) of the correct
classes associated to x, and let be [(P) the set of the leaves (nodes without children) of
the graph P. Given a leaf p € P(z), let be T p the set of ancestors of the node p that
belong to P(x), and given a leaf ¢ € C(x), let be T ¢ the set of ancestors of the node ¢
that belong to C'(z). The original definitions of Hierarchical Precision (HP), Hierarchi-
cal Recall (HR) and Hierarchical F-score (HF) [27], with the tree forests of FunCat can
be simplified as follows:

gp— 1t 3 |C(z) N 1pl
| Tp]
pel(P(x))

1 npP
R e PP Yy
x c
cel(C(x))

2-HP-HR
HF = ——— 6
HP+ HR ©
An overall high hierarchical precision is indicative of most predictions being an-
cestors of the correct predictions, or in other words that the predictor is able to detect
the most general functions of genes/gene products. On the other hand a high average
hierarchical recall indicates that most predictions are successors of the actual, or that

the predictors are able to detect the most specific functions of the genes.

4 Results

At first we compared the performance of ensemble methods considering the “per class”
F-measure averaged across all FunCat classes for each data set. The results show that hi-
erarchical methods largely outperform flat ensembles: flat ensembles obtain an average
F-measure across the 7 data sets used in the experiments of 0.15 against respectively
0.22, 0.18 and 0.24 with Top-down, TPR and TPR-w ensembles (Tab. 2).

As explained in the experimental set-up (Sect. 3), the F hierarchical measure is a
more appropriate performance metric for the hierarchical classification of gene func-
tions. Tab. 3 shows that on the average TPR-w achieves the best results: 0.34 versus
0.25 (TPR) and 0.29 (Top-down ensembles). Note that TPR-w obtains equal or better
results than Top-down ensembles with respect to all the data sets. More precisely con-
sidering 5-fold cross validation results for each of the 7 considered data sets TPR-w
reported better results than Top-down at 0.05 significance level on 5 tasks, according to
the 5-fold cross-validated paired t-test [28]. The basic TPR ensemble on the contrary
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Table 2. Per class F-measure results. Flat: flat ensemble; HTD: Hierarchical Top-Down ensem-
bles; TPR: True Path Rule hierarchical ensembles; TPR-w True Path Rule weighted hierarchical
ensembles.

[Data set| Flat] HTD] TPR]|TPR-w]

Pfam-1 |0.2816]0.4041{0.3622|0.4037
Pfam-2 |0.1153]0.2056|0.1562|0.2197
Phylo |0.0711]0.0067|0.0625|0.0906
Expr |0.0752]0.0623|0.0702{0.0773
PPI-BG [0.1730{0.2690(0.2344| 0.2946
PPI-VM|0.2145|0.3589|0.2613| 0.3558
SP-sim |0.1121|0.2489(0.1306| 0.2540

[Average [0.1489]0.2222[0.1824] 0.2414]

achieves slightly worse results than the Top-down. These results show that we need the
weighted version of TPR ensembles to significantly enhance Top-down predictions.

Even if the main goal of this work consists in the development of a hierarchical
algorithm that can be applied to the prediction of the overall taxonomy of a gene, we
can restrict the analysis to specific subtrees of the taxonomy. For instance, Tab. 4 shows
the results restricted to the subtree rooted at the “Metabolism” FunCat class (FunCat ID
=01, Fig.2).

A specific advantage of the TPR-w ensembles is the capability of tuning precision
and recall rates, through the parameter parent-weight w,, (eq. 5). Fig. 3 shows, the
hierarchical precision, recall and F-measure as functions of the parameter w,,. For small
values of w,, (w, can vary from O to 1) the weight of the decision of the parent local
predictor is small, and the ensemble decision depends mainly by the positive predictions
of the offsprings nodes (classifiers): as a consequence we obtain a higher hierarchical
recall for the TPR-w ensemble. On the contrary higher values of w,, correspond to a
higher weight of the “parent” local predictor, with a resulting higher precision. The

Table 3. Hierarchical F-measures results. HTD: Hierarchical Top-Down ensembles; TPR: True
Path Rule hierarchical ensembles; TPR-w True Path Rule weighted hierarchical ensembles. Sta-
tistically significant difference at 0.05 significance level are in boldface.

[Data set| HTD| TPR|[TPR-w|

Pfam-1 ]0.4123]0.3080{0.4131
Pfam-2 |0.3406|0.2684| 0.3700
Phylo ]0.0497(0.2010{0.2174
Expr |0.1166|0.1696|0.1784
PPI-BG |0.3226|0.2670| 0.3485
PPI-VM|0.3977|0.2796| 0.4000
SP-sim |0.4251|0.2398|0.4472

[Average [0.2949]0.2468]0.3392]
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Fig. 2. Tree of the FunCat classes rooted at Funcat ID=01 (Metabolism).

opposite trends of precision and recall are quite clear in all graphs of Fig. 3. The best
F-score is in “middle” values of the parameter parent-weight: in practice in most of the
analyzed data sets the best F-measure is achieved for w, between 0.5 and 0.8, but if
we need higher recall rates (at the expense of the precision) we can choose lower w,
values, and higher values of w,, are needed if precision is our first aim. It is worth noting
that we may vary the threshold ¢ to obtain precision recall curves for a fixed value of
wp. In other words we may obtain different precision-recall curves for different value
of wy: the parent weight is a global parameter that affect the general precision/recall
characteristics of the ensemble.

5 Conclusions

F hierarchical measures results show that TPR-w achieves equal or better results than
the basic TPR algorithm and the Top-down hierarchical strategy, and all the hierarchical
strategies achieve significantly better results than flat classification methods, using the
classical ”per-class” F-measure.

Another advantage of TPR-w consists in the possibility of tuning precision and
recall by using a global strategy: large values of the parent weight improve the precision,
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Table 4. Classification results on the FunCat tree rooted at "Metabolism”, using Pfam-1 data.
Each row represents a functional class of the FunCat taxonomy. Prec. stands for precision, Rec.
recall, Sp. specificity, F F-measure, Acc. accuracy.

FunCat ID |Description Prec.|Rec.| Sp. | F |Acc.
01 Metabolism 0.8310.59/0.93]0.69]|0.80
01.01 amino acid metabolism 0.620.34|0.98|0.45|0.94
01.01.03  |assimilation of ammonia, metabolism of the glutamate group| 0.27 [0.15[0.99{0.19]0.98
01.01.03.02 |metabolism of glutamate 0.3710.32{0.99{0.34|0.99
01.01.03.05 |metabolism of arginine 0.00 {0.00{0.99{0.00{0.99
01.01.06  [metabolism of the aspartate family 0.38 10.2210.99{0.28]0.98
01.01.06.05 | metabolism of methionine 0.5310.29]0.99{0.37{0.99
01.01.09  |metabolism of the cysteine - aromatic group 0.49 {0.26/0.99{0.34/0.97
01.01.13  |regulation of amino acid metabolism 0.10{0.030.99|0.05]|0.98
01.02 nitrogen, sulfur and selenium metabolism 0.5510.20(0.99/0.29(0.97
01.02.07  |regulation of nitrogen, sulfur and selenium metabolism 0.27 [0.11]0.99{0.16{0.99
01.03 nucleotide/nucleoside/nucleobase metabolism 0.65|0.35/0.98|0.46|0.95
01.03.01  |purin nucleotide/nucleoside/nucleobase metabolism 0.720.40/0.99|0.52]0.98
01.03.01.03 |purine nucleotide/nucleoside/nucleobase anabolism 0.61 {0.29]0.99{0.39]0.99
01.03.04  |pyrimidine nucleotide/nucleoside/nucleobase metabolism 0.63 10.42]0.99]0.51]0.98
01.03.16  |polynucleotide degradation 0.520.27/0.99|0.36]|0.98
01.03.16.01 |[RNA degradation 0.5410.29]0.99]0.37{0.98
01.04 phosphate metabolism 0.81 [0.61]0.98|0.70|0.94
01.05 C-compound and carbohydrate metabolism 0.79 10.50{0.97{0.61{0.91
01.05.02  |sugar, glucoside, polyol and carboxylate metabolism 0.65 [0.35]0.99{0.46|0.98
01.05.02.04 |sugar, glucoside, polyol and carboxylate anabolism 0.5510.3310.99{0.41{0.99
01.05.02.07 [sugar, glucoside, polyol and carboxylate catabolism 1.00 {0.09{1.00(0.18]0.98
01.05.03  [polysaccharide metabolism 0.78 {0.25/0.99{0.38]0.98
01.05.25  |regulation of C-compound and carbohydrate metabolism 0.47 10.16/0.99|0.24]|0.96
01.06 lipid, fatty acid and isoprenoid metabolism 0.7510.4410.98|0.56|0.95
01.06.02  |membrane lipid metabolism 0.76 [0.41]0.99|0.54|0.98
01.06.02.01 |phospholipid metabolism 0.69 [0.36]0.99]0.48]0.98
01.06.05 [fatty acid metabolism 0.42 10.15]0.99]0.2210.99
01.06.06  [isoprenoid metabolism 0.65 [0.3410.99{0.45]0.99
01.06.06.11 |tetracyclic and pentacyclic triterpenes metabolism 0.61 0.23]0.99]0.34]0.99
01.06.10  [regulation of lipid, fatty acid and isoprenoid metabolism 0.86 {0.24/0.99{0.37/0.99
01.07 metabolism of vitamins, cofactors, and prosthetic groups 0.7410.2910.99|0.42]0.96
01.07.01  |biosynthesis of vitamins, cofactors, and prosthetic groups 0.72 10.3210.99|0.44|0.97
01.20 secondary metabolism 0.80 [0.11]0.99{0.20{0.98

and small values the recall. The choice to favour precision or recall depends on the
researcher’s experimental objectives. In most data sets the best compromise between
precision and recall is achieved for weights in the range between 0.5 and 0.8, that is
giving a weight equal or larger to the local predictor with respect to the predictions
taken by its offsprings.

Results show that also using a single source of evidence we can obtain a very high
precision and recall for specific trees of the FunCat forest, but the overall results need
to be improved for the genome-wide prediction of gene function. To this end, we need
to integrate multiple data sources to obtain methods to predict function of hypothetical
genes, or to discover or complete the functional annotation of genes whose function
is incomplete or unknown. To this end the proposed approach can be easily integrated
with at least three different general strategies for biomolecular data integration: vec-
tor space integration [14], kernel fusion [15] and ensemble methods [16]. Indeed for
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Fig. 3. Hierarchical Precision, Recall and F-measure as a function of the parent weight in TPR-w
ensembles. Horizontal lines refers to top-down ensembles. (a) Protein domain binary data; (b)
PPI BioGRID data; (c) PPI Von Mering data (d) Pairwise sequence similarity data.

each node/class of the tree we may substitute a classifier trained on a specific type of
biomolecular data with a classifier trained on concatenated vectors of different data, or
trained on a (weighted) sum of kernels, or with an ensemble of learners each trained on
a different type of data.
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Classification in Open-Class-Set Scenarios*
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Abstract. Multilabel classification is frequently reduced to binary classification
via a simple one-versus-rest transformation. While supervised binary classifica-
tion is the best understood and most successful strategy in machine learning, it is
not exempt from practical problems that arise after this kind of transformation, for
instance lack of robustness to class-skewness and noisy datasets or poor scalabil-
ity. On the other hand, past research on multilabel classification has overlooked an
issue that can be important on real applications: the existence of labels not repre-
sented in the training set. Therefore, methodological design for evaluation in this
scenario is lacking. We present ongoing research on both aspects. We propose
the application of one-class classifiers, binary unsupervised classifiers trained on
positive examples only, as a theoretically appealing alternative, robust to both
imbalanced datasets and the existence of unknown labels. The initial results are
negative, showing the weakness of one-class classifiers. We also discuss possible
pitfalls when evaluating classification performance on open-class-set problems.

1 Introduction

Amongst the approaches to solve the multilabel classification problem, a large body
of the literature deals with reductions to standard binary classification (see [1] and
references therein). A straightforward way of reorganizing the data to create binary
classification problems is to follow a one-versus-rest approach, which is sometimes
called Binary Relevance (BR) in multilabel domains. Following the notation in [1], let
L ={\j:j=1,..., M} be the finite set of labels in a multilabel learning task and
D = {(x;,Y;) : i = 1,..., N} denote a set of inputs z; and their corresponding out-
puts ¥; C L. For each ), a binary classifier ¢; : X — {0, 1} is trained using a binary
dataset D; = {(z,v:) : (2:,Y:) € D Ay; = Iy, (\;)}. Here I4(x) is the indicator
function, one if x € A and zero otherwise. At prediction time, label \; is included in
the predicted set Y if ¢; casts a positive prediction.

It is easy to prove that, for many of the usual multilabel classification performance
criteria, we can achieve a minimum on the overall multilabel loss by just minimiz-
ing the loss on each individual label, and so the BR reduction is consistent for those
losses. A reduction is said to be consistent if it yields an optimal predictor for the orig-
inal problem when the auxiliary problems are also solved optimally [2]. In particular,

* This research is supported by Enterprise Ireland Commercialisation Fund Grant No.
CFTD/05/222.
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label-based macro average measures, which include the Hamming-loss, render BR con-
sistent. Those losses permit partial matches between predicted and actual label sets and
are defined as the summation of the individual losses for each label; therefore the min-
imum is reached only when each different summand is minimum too. This contrasts
with the analogous one-versus-rest reduction for crisp multiclass classification, that is
not consistent as it requires classifier coordination; if a single base classifier casts a
bad prediction, the whole multiclass classifier is deemed to fail unless a sophisticated
decision function is applied.

Ultimately the appropriate loss depends on the application, but the consistency of
BR for macro-averaged losses indicates that, in many cases, in order to maximize the
performance of multilabel classifiers, one just needs to maximize the performance on
each individual label. In those cases research in multilabel classification is just research
into ways of getting closer to optimal binary classifiers. This is not to say that research
in multilabel algorithms is futile, or that correlations between labels are not to be taken
into account when training the classifier for each label. On the contrary, any single piece
of information might be useful when training.

What is called for is to take into account the specific characteristics of the binary
problems induced by the reduction from the multilabel setting, applying sensible cor-
rections to any possible problems associated with this approach. Several deficiencies in
the data, that can make supervised discriminative approaches fail, arise naturally from
multilabel to binary reductions:

Imbalanced datasets. Because of the nature of the transformations and the typical
high cardinality of the label set, usually the class distribution in the individual bi-
nary classification problems is highly skewed towards the negative class (where all
the other labels have been put together). This creates known problems for the stan-
dard supervised classifiers [3] and so counter-measures (adjusting the loss function
by adding costs, subsampling the majority class, oversampling the minority class)
must be taken.

Noisy datasets. Directly relating to the quality of the data, if labeling is not consistent
and complete for all the examples, contradictory goals can be given to the super-
vised crisp-classifier. In several of the most important domains where multi-label
classification is necessary the process of generating labels can be highly subjective
(for example emotion recognition or multimedia annotation) and so a gold standard
is missing. If the base classifier is not robust to noise, performance can be severely
damaged.

Scalability issues. In many cases computational costs become prohibitive in problems
with a high number of labels.

Awareness of all the labels. Sometimes we do not have information about all pos-
sible labels (i.e.ifnextchar,latex @errorDont forget the commal!, an open-class-set
scenario). This is important in domains where the label set is not static or there
exists concept drift, like semantic multimedia annotation and network intrusion de-
tection. A related question is whether our classifier must have an abstaining option.
In multilabel classification this means equipping the classifier with the ability to



148

predict the empty set. BR provides this option automatically, although sometimes
it is regarded as bad behavior and therefore combatted' [4, 5].

If these are real problems in multilabel classification, what are suitable solutions? In
section 2 we propose the use of one-class classifiers, that is, classifiers trained on posi-
tive examples only, as a possible approach to overcome some of the difficulties experi-
enced by standard supervised classifiers after problem transformation. Then in section 3
we describe an exploratory experiment on open-class-set multilabel scenarios and study
the applicability of one-class classifiers as building blocks in the BR algorithm, com-
pared with standard supervised classifiers. We also discuss the methodological pitfalls
that can arise in such experiments in section 4. The paper is brought to a conclusion in
section 5.

2  One-Class and Multilabel Classifiers

One-class classifiers (OCC) [6] are classifiers trained with data from one class only,
arbitrarily called positive. They are just normal binary classifiers that operate differ-
ently at training time by using only a subset of the data required to train conventional
supervised classifiers. Therefore their application as building blocks for multilabel clas-
sifiers, for example as components for BR, is straightforward. The question is whether
it is worthwhile.

One-class classification is motivated by a deficiency, not by the prospect of higher
performance on conventional supervised problems. That deficiency can result from the
quality of the raw material used to solve the classification problem: if the training data
available is not representative of the concept to be learnt (the discrimination between
classes) applying one-class classification is an option. That can be the case when the
negatives space is too broad (e.g.ifnextchar,latex@errorDont forget the comma!, the
writings of Cervantes against any other possible writing), when it is expensive to label
the negatives (e.g.ifnextchar,latex @errorDont forget the comma!, multimedia annota-
tion) or when negative examples have not yet arisen (e.g.ifnextchar,latex @errorDont
forget the commal!, industrial process monitoring). In these cases building a discrimi-
native model using the ill-defined negatives sample will lead to very poor generaliza-
tion performance and therefore conventional supervised techniques are not appropriate
(when usable).

Some other benefits, relevant to multilabel classification, can result from the ap-
plication of one-class classifiers. As there is no need to trade-off between classes the
decision boundaries are better specialized for each class and they do not suffer when
classes are imbalanced in the training set. In fact, OCCs can be regarded as an ex-
treme re-balancing process [7]. They naturally extend to open-class-set problems and
despite suffering from normalization and combination issues, they are suitable as build-
ing blocks for multiclass classifiers with reject (predict “unseen class’) option [8].

They also scale gracefully with the number of labels and have zero-cost retraining
when adding a new label in BR, as this only requires us to train a new classifier on the

"In fact, due to the class imbalance problem, often the individual binary classifiers become
reject-all machines and so the prediction an the empty label set becomes a real problem.
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data available for the new class. This contrasts with the cost of adding a new class in
BR when using standard supervised classifiers. In this case we will need to retrain |L|
classifiers. If we assume for a moment that the average number of examples per class is
N = N/|L| and that training a classifier is O(f(N)) = O(f(|L|N)) , then the whole
operation is O(|L|f(|L|N)). With the addition of new classes, supervised classifiers
may not have the capacity to model the new space of concepts and so they must be
adapted to the learning complexity of the problem. It appears to us that this is not such
an important issue for one-class classifiers.

But one-class classification does not come at no cost and usually there is a high
penalty in terms of generalization performance when compared with standard super-
vised classification on datasets where the motivational characteristics for one-class clas-
sification are not present. Usually one-class classifiers are much poorer than standard
binary classifiers, as eliminating class dependencies from the training bias dismisses
potentially critical information. One-class classification is, by definition, an ill-posed
problem, as it tries to solve a discrimination problem without having direct information
of what to discriminate against.

Operationally, one-class classification models are made up of two elements: the re-
semblance (or distance) function and the threshold. The first element to be considered
is a measure for the distance d(x) or the resemblance (probability) (z) of an exam-
ple to the target class. The way those measures are computed vary from one approach
to another, but finally we have a method for computing the degree of positiveness or
negativeness (“outlierness”) for any example. The second ingredient for one-class clas-
sification models is the threshold 7, a value that, when compared to the resemblance
for a new example, determines whether it is classified as positive or not. Once we have
trained the model to describe the positives, which includes the estimation of 7, the clas-
sification for an example is given by:

c(x) = I(r(z) = 7)

where I is an indicator function: 1 if x is to be accepted as positive and O otherwise.
The most common approach is to define a global threshold, that is, a sole number that
dictates the classification for a new example regardless of its nature or location. The
standard way of computing this global threshold is by assuming that a certain (usually
user supplied) percentage of the training data are outliers; in this way, it is enough to
sort the values of the resemblance function for the training data and set the threshold to
a value that will make the classifier reject the specified percentage of examples.

Threshold selection is directly related to the robustness and capital for one-class
classifiers generalization capabilities. If it is too tight the number of false negatives will
be increased; this can happen if the noise level specified by the user is too high. If it is
too loose, the number of false positives will increase; this will happen if the noise level
specified is too low. In either case one-class classifiers become reject-all or accept-all
machines, which is a very common and undesirable effect.

This is not the first study that has considered the application of one-class classi-
fiers in the multilabel context. An example is the work of Lee et alifnextchar..[9]. They
propose a multilabel system for solving a protein localization classification problem
based on an extension to support-vector data description [6], a one-class classifier in
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the family of support vector machines. They claim the whole classification system to
be well-adapted to multilabel problems where classes overlap > and report good perfor-
mance, competitive with the state of the art.

In the next section we report an initial experiment on multilabel classification in
an open-class-set scenario, assessing whether one-class classifiers used as components
in a plain BR classifier provide any distinctive advantage, specially on handling the
unknown classes.

3 An Experiment: Growing the Known Classes Set

In order to assess the performance of both supervised and one-class algorithms in a
scenario where not all the classes are known, we perform a partition of the label set into
two disjoint sets:

L=LxULy,LxkNLy=0

where L are the known labels and Ly are the unknown. We then split the known
examples (D = {x; € D : Y; N Lx # (}) into training and testing sets. We eval-
uate the performance using two different test sets: one containing known labels only,
which is the usual setting, and a superset contaminated with unknown labels, violat-
ing the assumption that training and testing sets come from the same distribution. This
methodology is applied in domains such as network intrusion detection, where classi-
fiers should be able to detect new kinds of attacks [10].

3.1 Growing the Known Class Set

The number of possible label subsets is exponential in |L|. The empirical results can be
highly dependent on label sampling artifacts for the known/unknown classes combina-
tions, and it is difficult to ascertain whether a chosen set reflects the real characteristics
of the domain. Different classifiers model better some classes than others and so the re-
sults are influenced by taking combinations of easy or difficult to separate classes from
one set to another. In many cases there is also a high class skew with rare and common
labels, and the size of the known labels set combined with the size of the classes it con-
tains control the prior probability of known and unknown classes, which is an important
parameter in assessing the trade-off between the performances in both samples.

A possible approach in practical research is to fix the proportion |Lk|/|Ly| and
randomize the choice of the known labels, running the evaluation several times. Here we
follow a different, systematic approach when splitting the label set. We consider a total
order of the labels in L = {Aq, ..., Ay} and create a sequence of sets Lg) C Lg) C

. C L(I? = L by always adding only consecutive labels. For example, a possible
sequence of known-label sets for L = {1, Ag, A3, A4} is Lg) = {1, A2}, L(I?) =
i’ U D L = £ U ),

This approach allows us to measure the performance over a range of known / un-

known proportions. Running several repetitions with random label orderings would help

2 The concept of class overlap is to some extent vague in a multilabel scenario.
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to combat label-sampling biases, which we do not do in the following experiments due
to computational time constraints. A fundamental question is whether this methodology
is appropriate and to which extent it is free of artifacts, which is not clear to us yet and
we discuss in section 4, after presenting some experiments.

3.2 Datasets and Preprocessing

In Table 1 we show a summary of the datasets® we use. The only preprocessing we per-
form is on the bibtex dataset, where each document is normalized to unit L norm; even
if the features in bibtex are just binary indicators of the presence of a word, this approach
never harms and sometime substantially improves the performance of the classifiers.

Table 1. Summary of the datasets used in the evaluation. Cardinality is the average number of
labels per example (% Zi\; 1 |Ya]), Density is the cardinality normalized by the number of labels
( ﬁ Cardinality) and Distinct is the number of different label subsets present.

Dataset Domain Size Dimensions Labels Cardinality Density Distinct Source

emotions ~ music 593 72 6 1.25 0.311 27 [11]
scene image 2407 294 6 1.07 0.179 15 [12]
yeast biology 2417 103 14 4.24 0.303 198 [13]
bibtex text 7395 1836 159 241 0.015 2856 [14]

mediamill ~ video 43907 120 101 4.38 0.043 6555 [15]

3.3 Classifiers

We compare the performance of six classifiers, three one-class classifiers and corre-
sponding supervised models, as building blocks in the BR reduction.

Lazy learning (k-Nearest-Neighbours): The nearest neighbour approach can be used
for constructing one-class classifiers. The training data is stored and an outlier-
ness criterion is calculated for new examples based on their nearest neighbours,
i.e.ifnextchar,latex @errorDont forget the commal, their position relative to the seen
examples. Several criteria have been proposed to measure the outlierness of an ex-
ample. Here we use  [16] which is the average of the distances to the k£ nearest
neighbours (oc-kNN). We set the threshold via an inexpensive leave-one-out cross-
validation of the scores in the training set combined with the usual fraction-of-
rejection approach with a parameter of 0.01. The corresponding supervised tech-
nique is BRKNN (kNN) [5]. We set k£ = 5.

Generative model (Mixture of Gaussians): A simple mixture of 3 Gaussians with
diagonal covariances (oc-MoG) is fitted to the positives and the emitted probability
is used as the resemblance criterion. The threshold is set using the fraction-of-
rejection criterion with a parameter of 0.01. The corresponding supervised tech-
nique fits a second mixture to the negatives and uses the probability emitted as the

3 Available for download at http://mlkd.csd.auth.gr/multilabel .html
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score for the negative class (MoGDA, standing for Mixture of Gaussians Discrimi-
nant Analysis).

Boundary Method (One-class SVM): We use the one-class #-SVM [17] method (oc-
SVM), that computes hyper-surfaces enclosing (most of) the positive data. We set
v, the regularization parameter that controls how much we expect our training data
to be contaminated with outliers, to 0.01. As is common practice in OCC we use
the Gaussian kernel, initializing the width of the kernel to the average pairwise
Euclidean distance in the training set for emotions, scene, yeast and mediamill,
and to the inverse of the dimensionality for bibtex. The corresponding supervised
technique is standard C-SVM, with the same kernel parameters and C' = 1; we also
calibrate the scores using Platt scaling [18].

3.4 Results

We perform a 5-fold cross validation on the “small datasets” (emotions, scene and yeast)
and a 75% train / 25% test partition in the “big ones” (mediamill and bibtex). We grow
the known class set at regular intervals and report the evolution of the macro-averaged
AUC and F1. In Figure 2 we show the results on the scene dataset, that are consistent
with those observed on the rest of the datasets (see Figures 3 and 4). Several general
observations can be made:

— Including unknown classes in the testing set provokes worse results for all classi-
fiers but does not change the relative order in the classifier ranking for any of the
datasets. For that reason we only report results in all-labels for emotions, yeast,
bibtex and mediamill.

— The one-class classifier approaches are usually not competitive against the super-
vised ones. Even if expected, it is disappointing that they are not able to provide
a distinctive advantage in scenarios with many unknown labels. Anyway one-class
classifiers are fairly insensitive to the presence of unknown classes, as witnessed by
their AUC performance curves being almost flat.

— The threshold selection policies for the one-class classifiers are especially weak.
This is exemplified in the relation between oc-MoG and MoGDA for the F1 mea-
sure. They both have exactly the same potential as classifiers, since their scores for
the positive class are the same. The only difference between them is in the thresh-
olding policy, and it is the case that MoGDA always beats the fixed threshold policy
of oc-MoG. Using thresholding biases based on the known negatives seem therefore
a more reasonable approach to improve the performance of one-class classifiers.

— C-SVM is the overall winner amongst the supervised approaches in terms of rank-
ing capabilities. In agreement with the results reported in [10], where SVMs have
the best behavior on both known and unknown classes, this is probably due to the
generalization capabilities of the SVM rooted on the margin maximization bias.
However only in bibtex does that difference translate to actual classification im-
provements. For the F1 measure the winner is kNN, indicating that effort must also
be made on improving the thresholding methodology for supervised approaches.

— kNN has the worst performance for AUC with small number of known labels and
is always beaten by oc-kNN. This is due to kNN being constrained to report always
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one of the known classes - there will always be a nearest neighbor to one of the
examples in training set, even if it is very far. This suggest that a combination of
both approaches could increase performance in both areas.

To illustrate the scalability at training time of the supervised approaches as opposed
to that of one-class classification, we show in Figure 1 the training times of the six

classifiers on the bibtex dataset.

Bibtex: Train Time

9000

Bibtex: Train Time (without C-SVM)

T T T T .
KNN —o—
8000 foc-kNN ==+~
IMoGDA - -a- -
7000 foc-MoG
C-SVM - o~
6000 foe-SVM - 4 -

5000 —

Seconds

4000

3000 [~

3
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0 -1 ITRR NN~ N » S~ =il -0

T T T T T T T p=l
KNN —e— %
0C-kNN ---+--- Rl
MoGDA - -8 - o B
oc-MoG L
0c-SVM - - - -~

0 20 40 60 80 100
|Lk|

|Lk|

Fig. 1. Scalability of the classifiers on the bibtex dataset with increasing number of known labels.
On the left, it is clear that the supervised SVM has the worst computational performance, as its
training time is cubic on the size of the training set, and so it is orders of magnitude slower with
a high number of labels. On the right, the second slower method is MoGDA. In any case, the
one-class approaches have no problems on scaling in domains with many labels.
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Fig. 2. Results for the scene dataset. On the top row is the test set with only known classes and on
the bottom the test set augmented with examples from the unknown labels. On the left we report
macro-AUC and on the right macro-F1. We appreciate that the performance on scenarios with
unknown labels is much worse for all the classifiers, but that the relative performances between
classifiers are constant. The relative positions of the curve with all the labels and the one with
only known labels is consistent in all the analyzed datasets, so for the rest we only report the
results on the test set with known and unknown labels.
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Fig. 3. Results for the emotions (top row) and yeast (bottom row) datasets. On the left we report
macro-AUC and on the right macro-F1. The performance of oc-SVM is very poor, probably
because of the lack of model selection and one of the key ingredients for the success of the
supervised SVM: margin maximization.
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Fig. 4. Results for the bibtex (top row) and mediamill (bottom row) datasets. On the left we report
macro-AUC and on the right macro-F1. For mediamill C-SVM is not able to complete in the time
allotted even for a small subset of the labels, indicating its poor scalability. We regard the results
of the one-class approaches on the bibtex dataset as promising.



157

4 More methodological issues

Adding an unknown class poses a serious challenge for performance evaluation. We
cannot measure the performance on it alone, as the only defined measure is specificity
(the true negative rate) because there are only negative instances of the unknown class.
Measuring specificity alone is not an option, as classifiers that are reject-all machines
will have a perfect score while more balanced models will probably perform worse. The
option is to mix them with the known classes and measure a more balanced criterion
in this test set. In our experiments we have observed that the specificity of supervised
classifiers in the unknown set promptly becomes perfect, as they are biased towards pre-
dicting all negatives - the number of training negatives is soon overwhelming - while
for one-class classifiers it depends on whether they are reject-all, accept-all or more
balanced models. As specificity depends on a good thresholding policy, the option to
measure the classifier scoring capabilities is to look at the differences in AUCs. In this
case useful information on the performance can be hidden by the already present rank-
ing of positive and negative examples, so an alternative is to measure AUC on positives
and unknown negatives only.

There is an important question of whether we fix the test set size or not, and the
composition of the test set can become both an artifact and an opportunity to gain insight
into the tradeoffs between different proportions of the actual set of unknown negatives.
We are not so comfortable with the idea of growing the known class set by taking classes
from the unknown set, as that creates fluxes of examples from testing to training whose
interaction with the performance measurement is not always neat. We cannot think of
a sensible alternative if we want to study the problem under different proportions of
known / unknown negatives other than fixing a set of unknown labels that are never
included in training and grow the known set from the rest of the labels.

In Figure 5 we show two different ways of conducting the splitting for the method-
ology that we have followed in this paper. We call them “train vs test first” and “known
versus unknown first”. The results reported in here followed the “train versus test first”
splitting that dismisses the unknown examples in the train set. The relation between
using this approach and that of always using all the possible unknown examples in the
testing set are always the same: the ratios between classifier performances remain con-
stant but performance is severely damaged as we increase the proportion of unknown
examples to be tested (see Figure 6). Estimating the prior probability of finding an
unknown example is a problem that has important implications for performance esti-
mation in real scenarios, but this is not the only catch here. There is an artifact due to
the performance criterion we use. F1 shows a tradeoff between recall and precision.
Adding more negatives to the test set will keep recall constant while it can only damage
precision. This effect must be taken into account when using F1 or related metrics to
measure the performance in a context where we only vary the number of negatives.

There is also an obvious interaction between changing the number of negatives in
the training sets while keeping constant the number of positive examples. For many
supervised models, the recall is a monotonically non-increasing function of the number
of negatives used to train them. The specificity is in turn a non-decreasing function of
the number of training negatives and so this usually cancels out in measures like F1. The
performance of the classifiers can appear similar but in fact the operating points may be
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Known vs Unknown First Train vs Test First
KvsU R.S. R.S. KvsU
K K (Train) K (Train)
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U
(Test?)
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v (Split?)

Test Kand U

(Test)

Fig. 5. Possible dataset splitting methodologies for research under the assumption of the existence
of unknown labels. On the left, the original set is first split into known and unknown labels and
then the examples from the known labels are sampled randomly (class stratification is difficult
in multilabel datasets) to create training and testing sets. On the right, train and test sets are
created first and then the training set is split into examples from the known and examples from
the unknown labels; these approaches become roughly equivalent if the unknown-labels examples
that do not participate in training are all added to the test set, with the exception that, due to the

lack of stratification, the second approach does not guarantee the size of the actual training set.

Emotions: F1 in all labels Scene: F1 in all labels
1 T — T 1 —T T - T
KNN (all unknown examples in the test set) —o— C-SVM {all unknown examples in the test set) —o—
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0.8 e 0.8
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F1
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02k 02

Fig. 6. Effect of increasing the number of the unknown examples in the test set. The F1 measure
can only get worse, as recall remains constant while precision can only decrease. F1 measure-
ments should be combined or replaced with other performance measures robust to this problem,

such as the Balanced Accuracy Rate (average between recall and the true negative rate).
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completely different, hiding the performance on the samples of interest, for example for
the unknown examples. Again other measures must be used and tracking the evolution
of both sides of the error becomes desirable.

Emotions: F1, Recall in label 0 Scene: F1, Recall in label 0
1 T T T 1 T T T
KNN  (Recall) —o— C-SVM (Recall) —o—
KNN (F1) oo C-SVM (F1) -

o 5\—\\7 |

F1, Recall
F1, Recall

Fig.7. Effect of increasing the number of negatives used for training an individual classifier. As
we increase the number of negatives used for training the recall can only fall while, empirically,
F1 remains constant or increases, due to both the classifiers rejecting more examples and getting
less negatives in the testing sets. In an ideal scenario we would increase the proportion of positives
accordingly, but our sample is finite. This is just another face of the problem with class skewness
that must be taken into account in research with dynamic class sets.

5 Conclusions

In many ways research on multilabel classification is concerned with seeking solutions
to the specific problems that arise on predicting individual labels. When reducing to
binary classification this requires us to address problems like class skewness and high
complexity of the concept space. In this respect, one-class classification is appealing,
but its successful application would require a great deal of skill from the data miner.
Choosing the right model, performing parameter selection and using heterogeneous
combinations by choosing those models that are better adapted to the characteristic of
each class are crucial tasks.The results in this paper are preliminary and should not be
taken as of discouraging further research in this direction. Applying hybrid methods
for introducing discriminative biases into one-class classifiers promises improvements.
Apart from focusing on the individual classifiers, other previously proposed approaches,
like splitting the label set to simplify the classification problems, appear to us as the
most sensible lines of research in this area.

Research on scenarios where not all the classes are known at training time is not an
active topic in multilabel classification at the moment. If it becomes relevant, a consen-
sus on the proper evaluation methodology should be achieved, as different experimental
setups can convey numerous artifacts. Here we conducted an initial attempt and stated
some of the pitfalls we are aware of, but more reflection and debate are needed.
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