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Abstract. Motivated by an increasing number of new applications, the
research community is devoting an increasing amount of attention to the
task of multi-label classification (MLC). Many different approaches to
solving multi-label classification problems have been recently developed.
Recent empirical studies have comprehensively evaluated many of these
approaches on many datasets using different evaluation measures. The
studies have indicated that the predictive performance and efficiency of
the approaches could be improved by using data derived (artificial) hier-
archies, in the learning and prediction phases. In this paper, we compare
different clustering algorithms for constructing the label hierarchies (in a
data-driven manner), in multi-label classification. We consider flat label
sets and construct the label hierarchies from the label sets that appear
in the annotations of the training data by using four different cluster-
ing algorithms (balanced k-means, agglomerative clustering with single
and complete linkage and predictive clustering trees). The hierarchies
are then used in conjunction with global hierarchical multi-label classi-
fication (HMC) approaches.
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1 Introduction

Multi-label learning is concerned with learning from examples, where each ex-
ample is associated with multiple labels. Multi-label classification (MLC) has
received significant attention in the research community over the past few years,
motivated by an increasing number of new applications. The latter include se-
mantic annotation of images and video (news clips, movies clips), functional
genomics (predicting gene and protein function), music categorization into emo-
tions, text classification (news articles, web pages, patents, e-mails, bookmarks...),
directed marketing and others.

Madjarov et al. [1] presented an extensive experimental evaluation of the
most popular methods for multi-label learning using a wide range of evaluation
measures on a variety of datasets. In particular, the authors have experimen-
tally evaluated 12 methods using 16 evaluation measures over 11 benchmark



datasets. The results reveal that the best performing methods over all evalua-
tion measures are the Hierarchy Of Multi-label classifiERs (HOMER) [2] and
Random Forests of Predictive Clustering Trees for Multi-target Classification
(RF-PCTs for MTC) [3], followed by Binary Relevance (BR) [4] and Classifier
Chains (CC) [5].

We believe that the better predictive performance and efficiency of the HOMER
method as compared to BR and CC, is a result of the data derived (artificial)
hierarchy, that HOMER defines over the output space of the original MLC prob-
lem first, and then uses it in the learning and prediction phases. In particular,
HOMER transforms the (original, flat) multi-label learning task into a hierar-
chy of (simpler) multi-label learning tasks, based on a hierarchy of labels derived
from the data. The hierarchy is obtained by applying an unsupervised (cluster-
ing) approach to the label part of the data that comes from the original MLC
problem. An example hierarchy of labels (and classifiers) produced for a multi-
label classification task with 8 labels {λ1, λ2, ..., λ8} is given in Figure 1.
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Fig. 1. An example of labels and classifiers considered by HOMER (λ - label, µ -
meta-label, h - multi-label classifier).

In this paper, we experimentally evaluate the influence of different data-
derived label hierarchies on the predictive performance of multi-label classifiers.
Additionally, we confirmed even stronger, that structuring the output space (la-
bel part) of a flat MLC problem, and using this structure by a classifier that
can directly handle hierarchical multi-label classification (HMC) problems can
improve the predictive performance of a classifier that does not use this struc-
ture and directly solves the flat MLC problems. More specifically, we derive a
hierarchy from the output space of the (original) flat MLC problem using four
different clustering approaches first, and then use PCTs for HMC [6] for solving
the newly defined hierarchical multi-label classification problem.

To show the improvements that can be achieved by using the data derived
structure on the label space and to evaluate the influence of the different data-
derived label hierarchies in multi-label classification, we compare: single PCT [6]



for solving classical MLC problems [3], and single PCT for solving HMC prob-
lems [7] (both in global settings). The transformation of the (original) flat MLC
problem to HMC problem is made by balanced k-means clustering [2], agglom-
erative clustering with single and complete linkage [8] and clustering performed
by predictive clustering trees for multi-target classification (MTP) [6].

The remainder of this paper is organized as follows. Section 2 defines the tasks
of multi-label classification, multi-label ranking and hierarchical multi-label clas-
sification. The use of data derived label hierarchies in multi-label classification is
presented in Section 3. Section 4 describes the multi-label datasets, the evalua-
tion measures and the experimental setup, while Section 5 presents and discusses
the experimental results. Finally, the conclusions and directions for further work
are presented in Section 6.

2 Background

In this section, we define the task of multi-label classification and the task of
hierarchical multi-label classification.

2.1 The task of multi-label classification (MLC)

Multi-label learning is concerned with learning from examples, where each exam-
ple is associated with multiple labels. These multiple labels belong to a predefined
set of labels. We can distinguish two types of tasks: multi-label classification and
multi-label ranking.

In the case of multi-label classification, the goal is to construct a predictive
model that will provide a list of relevant labels for a given, previously unseen
example. On the other hand, the goal of the task of multi-label ranking is to
construct a predictive model that will provide, for each unseen example, a list
of preferences (i.e., a ranking) on the labels from the set of possible labels.

The task of multi-label learning is defined as follows [9]:
Given:

– An input space X that consists of vectors of values of primitive data types
(nominal or numeric), i.e., ∀xi ∈ X ,xi = (xi1 , xi2 , ..., xiD ), where D is the
size of the vector (or number of descriptive attributes),

– an output space Y that is defined as a subset of a finite set of disjoint labels
L = {λ1, λ2, ..., λQ} (Q > 1 and Y ⊆ L)

– a set of examples E, where each example is a pair of a vector and a set from
the input and output space respectively, i.e., E = {(xi,Yi)|xi ∈ X ,Yi ⊂
L, 1 ≤ i ≤ N} where N is the number of examples of E (N = |E|), and

– a quality criterion q, which rewards models with high predictive performance
and low computational complexity.

If the task at hand is multi-label classification, then the goal is to
Find: a function h: X → 2L such that h maximizes q.



On the other hand, if the task is multi-label ranking, then the goal is to
Find: a function f : X×L → R, such that f maximizes q, whereR is the ranking
on the labels for a given example.

An extensive bibliography of learning methods for solving multi-label learning
problems can be found in [10] [4] [11] [1].

2.2 The task of hierarchical multi-label classification (HMC)

Hierarchical classification differs from the multi-label classification in the follow-
ing: the labels are organized in a hierarchy. An example that is labeled with a
given label is automatically labeled with all its parent-labels (this is known as
the hierarchy constraint). Furthermore, an example can be labeled simultane-
ously with multiple labels that can follow multiple paths from the root label.
This task is called hierarchical multi-label classification (HMC).

Here, the output space Y is defined with a label hierarchy (L,≤h), where L is
a set of labels and ≤h is a partial order representing the parent-child relationship
(∀ λ1, λ2 ∈ L : λ1 ≤h λ2 if and only if λ1 is a parent of λ2) structured as a tree
[9]. Each example from the set of examples E is a pair of a vector and a set from
the input and output space respectively, where the set satisfies the hierarchy
constraint, i.e., E = {(xi,Yi)|xi ∈ X ,Yi ⊆ L, λ ∈ Yi ⇒ ∀λ′ ≤h λ : λ′ ∈ Yi, 1 ≤
i ≤ N} where N is the number of examples of E (N = |E|). The quality criterion
q, rewards models with high predictive performance and low complexity as in
the task of multi-label classification.

An extensive bibliography of learning methods for hierarchical classification
scattered across different application domains is given by [12].

3 The use of data derived label hierarchies in multi-label
classification

In this study, we suggest to transform the flat multi-label classification problem
into a hierarchical multi-label one and solve it by using an approach for HMC
[12]. In particular, one should derive a hierarchy from the label part of the
original (flat) multi-label classification problem first, and then use this hierarchy
to construct hierarchical classification problem that later solves by using a HMC
approach [12].

Table 1 shows an example of a multi-label dataset and its corresponding
transformed hierarchical multi-label dataset. The transformation is performed
according to the label hierarchy generated by a clustering algorithm that con-
siders only the label part (output space) of the training data. In particular,
the third column (Original label set) in Table 1 shows the labels of the (orig-
inal) label space of a multi-label learning dataset with five examples. It is de-
fined over a set of eight labels (L = {λ1, λ2, ..., λ8}). The fourth column in the
same table (Hierarchical label set), shows the corresponding hierarchical label
set (for the same dataset), obtained by using the label hierarchy from Figure 1
(HL = {µ1, µ2, µ3, µ4, λ1, λ2, λ3, λ4, λ5, λ6, λ7, λ8}). Each example in the HMC



dataset is actually labeled with multiple paths of the hierarchy, defined from
the root to the leaves (represented by the relevant labels for the corresponding
example in the original MLC dataset).

Table 1. A hierarchical multi-label dataset obtained by transforming an original flat
multi-label dataset (the label hierarchy from Figure 1 is used)

Example Features Original label set Hierarchical label set 
𝐱𝐱𝟏𝟏 𝑥𝑥11, 𝑥𝑥12, … , 𝑥𝑥1𝐷𝐷 {𝝀𝝀𝟏𝟏,  𝝀𝝀𝟒𝟒,  𝝀𝝀𝟖𝟖} {𝜇𝜇1, 𝜇𝜇2, 𝜇𝜇3, 𝜇𝜇4,𝝀𝝀𝟏𝟏,𝝀𝝀𝟒𝟒,𝝀𝝀𝟖𝟖} 
𝐱𝐱𝟐𝟐 𝑥𝑥21, 𝑥𝑥22, … , 𝑥𝑥2𝐷𝐷 {𝝀𝝀𝟑𝟑,  𝝀𝝀𝟔𝟔} {𝜇𝜇1, 𝜇𝜇3, 𝜇𝜇4,𝝀𝝀𝟑𝟑,𝝀𝝀𝟔𝟔} 
𝐱𝐱𝟑𝟑 𝑥𝑥31, 𝑥𝑥32, … , 𝑥𝑥3𝐷𝐷 {𝝀𝝀𝟏𝟏} {𝜇𝜇1, 𝜇𝜇2,𝝀𝝀𝟏𝟏} 
𝐱𝐱𝟒𝟒 𝑥𝑥41, 𝑥𝑥42, … , 𝑥𝑥4𝐷𝐷 {𝝀𝝀𝟐𝟐,  𝝀𝝀𝟑𝟑,  𝝀𝝀𝟒𝟒,  𝝀𝝀𝟖𝟖} {𝜇𝜇1, 𝜇𝜇2, 𝜇𝜇3, 𝜇𝜇4, 𝝀𝝀𝟐𝟐,𝝀𝝀𝟑𝟑,𝝀𝝀𝟒𝟒,𝝀𝝀𝟖𝟖} 
𝐱𝐱𝟓𝟓 𝑥𝑥51, 𝑥𝑥52, … , 𝑥𝑥5𝐷𝐷 {𝝀𝝀𝟏𝟏,  𝝀𝝀𝟒𝟒,  𝝀𝝀𝟕𝟕} {𝜇𝜇1, 𝜇𝜇2, 𝜇𝜇3, 𝜇𝜇4,𝝀𝝀𝟏𝟏,𝝀𝝀4,𝝀𝝀𝟕𝟕} 
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3.1 Generating a label hierarchy on a multi-label output space

The process of generating label hierarchies on a multi-label output space is criti-
cal for the good performance of the HMC methods on the transformed problems.
When we build the hierarchy over the label space, there is only one constraint
that we should take care of: the original MLC task should be defined by the
leaves of the label hierarchy. In particular, the labels from the original MLC
problem represent the leaves of the tree hierarchy (Figure 1), while the labels
that represent the internal nodes of the tree hierarchy are so-called meta-labels
(that model the correlation among the original labels).

In this study, we use four different clustering approaches (two divisive and two
agglomerative) for deriving the hierarchy on the output space of the (original)
MLC problem:

– balanced k-means clustering approach [2] (divisive approach),
– predictive clustering trees [6] (divisive approach),
– agglomerative clustering by using complete linkage [8], and
– agglomerative clustering by using single linkage [8].

Balanced k-means creates the label hierarchy by partitioning the original
labels recursively in a top-down depth-first fashion. The top node of the hierarchy
contains all labels. At each node n, k <= |Ln| child nodes are created. The labels
of the current node are distributed (divided) using a clustering method into k
disjoint subsets (k meta-labels) with an explicit constraint on the size of each
subset, one for each child of the current node.

In this work, we use a specific setting from the predictive clustering frame-
work as in [13] [3], where the target space is equal to the descriptive space,
i.e., the descriptive variables are used to provide descriptions for the obtained
clusters. This focuses the predictive clustering setting on the task of clustering
instead of classification.



Agglomerative clustering algorithms treat each example as a singleton cluster
at the outset and then successively merge pairs of clusters until all clusters have
been merged into a single cluster that contains all examples.

The predictive clustering trees and the agglomerative approaches produce
binary tree hierarchies, while the balanced k-means clustering approach produces
multi-branch tree hierarchies for k > 2.

3.2 Solving MLC problems by using classification approaches for
HMC

After the transformation of the original MLC problem into a HMC one, the new
HMC problem can be solved by a hierarchical multi-label learning approach. The
transformed hierarchical multi-label dataset satisfies the hierarchy constraint (an
example that is labeled with a given label is automatically labeled with all its
parent-labels).

Figure 2 presents the pseudo-code of the algorithm for solving a MLC problem
by using data-derived label hierarchies and a classification approach for HMC.
The algorithm first defines the hierarchy, then solves the HMC problem by using
a classification approach for HMC. It finally extracts the predictions for the
leaves of the hierarchy (that are actually the predictions for the original labels)
and evaluates the performance.

Etrain and Etest denote the training and testing examples, while Wtrain is
only the label part (label data) of the training set. Using the label hierarchy
derived from the label data, Wtrain is transformed into new hierarchically orga-
nized label data Wtrain

H . Etrain
H and Etest

H denote the corresponding hierarchi-
cal multi-label datasets obtained by transforming the original (flat) multi-label
datasets (Etrain and Etest) into hierarchical form.

PH denotes the predictions for the examples of the hierarchical multi-label
dataset Etest

H , while P denotes the predictions for the original labels. The latter
are obtained by extracting the probabilities in the leaves of the label tree from
the predictions PH . The predictions PH are represented as vectors of probabil-
ities (one vector for one example), where each probability is associated to only
one label from the hierarchy (meta-label representing an internal node or origi-
nal label representing a leaf). Predictions P in the original multi-label scenario
can be obtained by using different approaches for transforming the hierarchical
multi-label predictions PH . In this work, we use the simplest approach: only the
probabilities for the leaves from the hierarchical predictions PH are evaluated,
while the other probabilities (for the meta-labels) are simply ignored.

3.3 Classification approaches for HMC

Based on the existing literature, Silla et al. [12] propose a unifying framework
for hierarchical classification, including a taxonomy of hierarchical classification
problems and methods. One of the dimensions along which the hierarchical clas-
sification methods differ is the way of using (exploring) the hierarchical label



procedure MLCToHMC(Etrain ,Etest) returns performance

1: Wtrain = ExtractLabelSet(Etrain);
2: Wtrain

H = DefineHierarchy(Wtrain);
3:
4: //transform multi-label dataset to hierarchical multi-label one
5: Etrain

H = MLCToHMCTrainDataset(Etrain, Wtrain
H );

6: Etest
H = MLCToHMCTestDataset(Etest, Wtrain

H );
7:
8: //solve transformed hierarchical multi-label problem
9: //by using approach for HMC

10: HMCModel = HMCMetod(Etrain
H );

11:
12: //generate HMC predictions
13: PH = HMCModel(Etest

H );
14:
15: //Extract predictions only for the leaves from the HMC predictions PH

16: P = ExtractLeavesPredictionsFromHMCPredictions(PH , Wtrain
H , Wtrain);

17: return EvaluatePredictions(P);

Fig. 2. Solving flat MLC problems by using classification approaches for HMC.

structure in the learning and prediction phases. They reviewed two different ap-
proaches that utilize the hierarchy: the top-down (or local) approach that uses
local information to create a set of local classifiers and the global (or big-bang)
approach.

The recent research show that learning a single global model for all labels (in
the hierarchy) can have some advantages [3] [14] over the local approaches. The
total size of the global classification model is typically smaller as compared to
the total size of all the local models learned by local classifier approaches. Also,
in the global classifier approach, a single classification model is built from the
training set, taking into account the label hierarchy and relationships. During
the prediction phase, each test example is classified using the induced model, in
a process that can assign labels to a test example at potentially every level of
the hierarchy. Because of that, in this study we compare PCTs for MTP (as flat,
global MLC approach) and PCTs for HMC (in a global setting) [3].

4 Experimental design

4.1 Datasets and evaluation measures

We use four multi-label classification benchmark problems used in previous stud-
ies and evaluations of methods for multi-label learning. Table 2 presents the basic
statistics of the datasets. The datasets come from the domain of text categoriza-
tion and pre-divided into training and testing parts as used by other researchers.

In any multi-label experiment, it is essential to include multiple and contrast-
ing measures because of the additional degrees of freedom that the multi-label



Table 2. Description of the benchmark problems in terms of number of training
(#tr.e.) and test (#t.e.) examples, number of features (D), total number of labels
(Q) and label cardinality - average number of labels per example (lc).

Reference #tr.e. #t.e. D Q lc

tmc2007 [15] 21519 7077 500 22 2.16
bibtex [16] 4880 2515 1836 159 2.40
bookmarks [16] 60000 27856 2150 208 2.03
delicious [2] 12920 3185 500 983 19.02

setting introduces. In our experiments, we used various evaluation measures that
have been suggested by [11] In particular, we used 12 bipartitions-based evalua-
tion measures: six example-based evaluation measures (hamming loss, accuracy ,
precision, recall , F measure and subset accuracy) and six label-based evaluation
measures (micro precision, micro recall , micro F1, macro precision, macro recall
and macro F1). Note that these evaluation measures require predictions stating
that a given label is present or not (binary 1/0 predictions). However, most pre-
dictive models predict a numerical value for each label and the label is predicted
as present if that numerical value exceeds some pre-defined threshold τ . The
performance of the predictive model thus directly depends on the selection of an
appropriate value of τ .

Also, we used four ranking-based evaluation measures (one-error , coverage,
ranking loss and average precision) that compare the predicted ranking of the
labels with the ground truth ranking. A detailed description of the evaluation
measures can be found in [1].

4.2 Experimental setup

The comparison of the multi-label learning methods was performed using the
CLUS1 system for predictive clustering. All experiments were performed on a
server with an Intel Xeon processor at 2.5GHz and 64GB of RAM with the
Fedora 14 operating system. We used the default settings of CLUS to learn the
single PCT approaches (PCTs for MTP - as flat MLC approach, and PCTs for
HMC). The threshold τ for the bipartitions-based evaluation measures was set
to 0.5 for all compared methods.

The balanced k-means clustering method requires to be configured the num-
ber of clusters k in each node of the hierarchy. For this parameter, five different
values (2-6) were considered in the cross-validation phase [2]. After determin-
ing the best value of k on every dataset (via cross-validation on the training
dataset), the PCT for HMC was trained using all available training examples and
was evaluated by recognizing all test examples from the corresponding dataset.
The values of the parameter k are 3 for the tmc2007, bibtex and bookmarks

1 http://clus.sourceforge.net



datasets, and 4 for the delicious dataset. Also, for the balanced k-means and the
agglomerative methods, Euclidean distance was used as a distance measure.

5 Results and discussion

In this section, we present the results from the experimental evaluation. Table 3
shows the predictive performance of the compared methods:

– PCTs for MTP, that don’t use a hierarchy for solving the original MLC
problem (labeled as no hierarchy (flat MLC))

– PCTs for HMC, that use data-derived label hierarchies, defined by:
• balanced k-means clustering approach (labeled as balanced-k-means)
• agglomerative clustering by using complete linkage (labeled as agglom-

erative (complete))
• agglomerative clustering by using single linkage (labeled as agglomerative

(single))
• predictive clustering trees (labeled as PCTs)

The first column of the table describes the methods used for defining the
hierarchies, while the other columns show the predictive performance of the
compared methods and hierarchies in terms of the 16 performance evaluation
measures. The best results per dataset are shown in boldface.

Inspecting Table 3, we note that PCTs for HMC outperform PCTs for MLC
on all datasets and on almost all evaluation measures. The instantiation of PCTs
for MTP (for solving flat multi-label classification problems) shows better pre-
dictive performance only on micro precision evaluation measure on the bibtex
and bookmarks datasets.

PCTs for HMC that use balanced k-means clustering for deriving the la-
bel hierarchies outperform PCTs for HMC that use agglomerative clustering
with single and complete linkage and PCTs for deriving the label hierarchies on
datasets with higher number of labels (bibtex, bookmarks and delicious). PCTs
for HMC with agglomerative clustering perform the best on tmc2007 dataset.
The two agglomerative clustering methods (single and complete linkage) derived
identical label hierarchies on all MLC problems, which result in same predictive
performance in the experimental evaluation.

The highest improvement of utilizing the data-derived hierarchies is obtained
on delicious dataset, as a result of the largest number of labels and the largest
label cardinality (average number of labels per example). A large number of
labels and large label cardinality yields a larger hierarchy that emphasizes the
relations between labels, and improves the process of learning and prediction.



Table 3. The predictive performances of PCTs for MLC obtained on the original (flat) MLC problems and PCTs for HMC obtained on
the transformed (newly) defined HMC problems by using four different clustering approaches (balanced k-means, predictive clustering
trees, and agglomerative clustering with complete and single linkage) along 16 performance evaluation measures.
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tmc2007
no hierarchy (flat MLC) 0.075 0.436 0.659 0.478 0.554 0.215 0.689 0.454 0.547 0.386 0.235 0.263 0.307 4.57 0.100 0.700
balanced-k-means - HMC 0.067 0.515 0.688 0.604 0.643 0.253 0.704 0.563 0.625 0.735 0.341 0.409 0.246 3.35 0.066 0.774
agglomerative (complete) - HMC 0.068 0.501 0.699 0.571 0.628 0.250 0.717 0.524 0.605 0.629 0.283 0.344 0.247 3.54 0.071 0.767
agglomerative (single) - HMC 0.068 0.501 0.699 0.571 0.628 0.250 0.717 0.524 0.605 0.629 0.283 0.344 0.247 3.54 0.071 0.767
PCTs - HMC 0.101 0.559 0.746 0.703 0.723 0.184 0.742 0.625 0.678 0.675 0.358 0.418 0.084 11.64 0.055 0.835
bibtex
no hierarchy (flat MLC) 0.014 0.046 0.140 0.046 0.069 0.004 1.000 0.057 0.108 0.006 0.006 0.006 0.783 58.60 0.256 0.212
balanced-k-means - HMC 0.015 0.243 0.368 0.290 0.324 0.113 0.550 0.259 0.352 0.296 0.174 0.202 0.449 30.36 0.105 0.491
agglomerative (complete) - HMC 0.014 0.175 0.289 0.183 0.225 0.103 0.749 0.145 0.243 0.079 0.044 0.052 0.589 45.74 0.190 0.341
agglomerative (single) - HMC 0.014 0.175 0.289 0.183 0.225 0.103 0.749 0.145 0.243 0.079 0.044 0.052 0.589 45.74 0.190 0.341
PCTs - HMC 0.014 0.197 0.328 0.204 0.251 0.117 0.796 0.161 0.268 0.082 0.056 0.062 0.541 36.93 0.152 0.388
bookmarks
no hierarchy (flat MLC) 0.009 0.133 0.133 0.137 0.135 0.129 0.947 0.076 0.141 0.018 0.016 0.017 0.817 73.78 0.258 0.213
balanced-k-means - HMC 0.009 0.205 0.224 0.211 0.217 0.188 0.776 0.139 0.236 0.299 0.071 0.097 0.651 50.46 0.169 0.370
agglomerative (complete) - HMC 0.009 0.160 0.163 0.165 0.164 0.153 0.875 0.097 0.175 0.103 0.026 0.030 0.729 57.99 0.200 0.302
agglomerative (single) - HMC 0.009 0.160 0.163 0.165 0.164 0.153 0.875 0.097 0.175 0.103 0.026 0.030 0.729 57.99 0.200 0.302
PCTs - HMC 0.009 0.177 0.185 0.181 0.183 0.167 0.846 0.110 0.195 0.116 0.036 0.044 0.699 56.31 0.193 0.328
delicious
no hierarchy (flat MLC) 0.019 0.001 0.001 0.001 0.001 0.001 0.000 0.000 0.000 0.000 0.000 0.000 0.592 691.62 0.172 0.206
balanced-k-means - HMC 0.018 0.118 0.429 0.132 0.201 0.007 0.621 0.120 0.201 0.162 0.049 0.062 0.386 548.01 0.121 0.336
agglomerative (complete) - HMC 0.019 0.074 0.354 0.081 0.132 0.003 0.590 0.077 0.136 0.064 0.018 0.022 0.440 558.78 0.131 0.293
agglomerative (single) - HMC 0.019 0.074 0.354 0.081 0.132 0.003 0.590 0.077 0.136 0.064 0.018 0.022 0.440 558.78 0.131 0.293
PCTs - HMC 0.019 0.097 0.376 0.107 0.167 0.002 0.609 0.101 0.173 0.066 0.029 0.034 0.418 553.65 0.128 0.316



6 Conclusions and further work

In this paper, we have investigated the use of label hierarchies in multi-label
classification, constructed in a data-driven manner. We consider flat label-sets
and construct label hierarchies from the label sets that appear in the annotations
of the training data by using clustering approaches based on balanced k-means
clustering, agglomerative clustering with single and complete linkage, and clus-
tering performed by PCTs. The hierarchies are then used in conjunction with
hierarchical multi-label classification approaches in the hope of achieving better
multi-label classification.

In particular, we investigate and evaluate the utility of four different data-
derived label hierarchies in the context of predictive clustering trees for HMC.
The experimental results clearly show that the use of the hierarchy results in im-
proved performance and the more balanced hierarchy offers better representation
of the label relationships.

The label hierarchies used in PCTs for HMC greatly improve the perfor-
mance of PCTs for MTP (as used for MLC): The results show improvement in
performance on almost all evaluation measures considered. Multi-branch hier-
archy (defined by balanced k-means clustering) outperforms binary hierarchies
(defined by agglomerative clustering with single and complete linkage and PCTs)
on datasets with higher number of labels (bibtex, bookmarks and delicious). This
improvement is especially emphasized on the delicious dataset, as a result of
the higher label cardinality that this dataset has in comparison to the other
evaluated datasets.

The final recommendation considering the performance of the evaluated meth-
ods is that we should use data-derived label hierarchies. We should transform
the original (flat) multi-label classification problem into hierarchical multi-label
one by using more balanced hierarchies, and solve the newly defined hierarchical
classification problem by a classifier that can directly handle HMC problems.

We plan to extend this study by using more multi-label classification datasets,
in particular more diverse ones. These would include different numbers of possi-
ble labels, different numbers of labels per example and different joint distribution
properties for the labels (e.g., different degrees of (in)dependence among the la-
bels). This would allow us to draw stronger conclusions on the conditions under
which the use of a hierarchy on the label space and the way of its construction
improves the performance of the different MLC approaches.

A final direction for further work might be the comparison of hierarchies
constructed by humans and hierarchies generated in a data-driven fashion. For
HMC problems, we can consider the MLC task defined by the leaves of the
provided label hierarchy. We can then construct label hierarchies automatically,
as described above, and compare these hierarchies (and their utility) to the
originally provided label hierarchy.
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