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Abstract. Many of the works of text classification involviet attribution of
each text a single class label from a predefineédfselasses, usually small and
flat organized (flat classification). However, therare more complex
classification problems in which we can assignaohetext more than one class
(multi-label classification), that can be organizeda hierarchical structure
(hierarchical classification) to support themagaushes by browsing topics of
interests In this paper, a problem of multi-label hieracziitext classification
is presented. The experiment involves the creaifoa multi-label hierarchical
text collection, its pre-processing, followed bye tlapplication of different
classifiers to the collection, and finally, the ksdion of the classifiers
performance.
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1 Introduction

The classification of texts consists on the allmcatof one or more previously
existing categories to text documents, based oir thentent. More formally,
considering a set of categories C 3,(G,,...,Cc) and a set of classified documents D
= (0, &y, ..., dp), using a method or algorithm for learning, theimion is to build a
classifier or a classification function which maps documents into categories. The
classifier is then used to classify new documenityet rated.

The multi-label hierarchical classification of dacents is based on the task of
assigning any number of classes, which are orgdrize hierarchical structure, to
text documentslin the literature there are many contributions abowlti-label
classification and also many about hierarchicassifecation. However, if we focus
on the combination of these two problems, we finty @ few contributions, based in
Al techniques, with some limitations. Multi-labelassification methods have been
categorized into two different groups [1§jroblem transformation methodsnd
algorithm adaptation methodsThe methods of the first group are algorithm
independent. They transform the multi-label clasaifon task into one or more
single-label classification tasks. The methods e second group extend specific
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learning algorithms in order to handle directly lwithulti-label classification. There
are multi-label extensions of various algorithmscts as: decision tree [3], support
vector machine [4], neural network [23] and k-nsareighbour method [21].

In single-label classification, the forecast of@dment class can only be right or
wrong, since the document only belongs to one classiulti-label classification, the
forecast may be right, wrong or partially rightchase, in the case documents belong
to two or more classes, the projection can hit tladiniclasses), any of them or just a
few of them. Several measures were proposed taaeathe multi-label classifiers
[24]. They are divided intexample-basedndlabel-basedevaluation measures [17].
The first are calculated based on the averagerediftes of the actual and projected
set of labels over all test examples. The latepdgmses the evaluation process into
separate evaluations for each label, and then letésuthe average of all labels.
Hamming Lossand Classification Accuracy [14] are &ample-basedevaluation
measures. Any known measure for binary evaluasaoh as accuracy, precision and
recall, can be used aslabel-basedevaluation measure. The calculation of these
measures for all labels can be achieved using t@oaging operations, called macro-
averaging and micro-averaging.

As a set of pre-defined classes we will use thesaefined in the latest ACM
Classification Scheme, version 1998The defined classes are related to computer
science and are organized hierarchically into feuels. The first level comprises 11
major partitions subjects codified A...K; these atdivided into 81 second-level
topics, which are further subdivided into third4ayopics. These are then subdivided
in uncoded subtopics called subject descriptors.ilAportant aspect to prepare a
document for publication by ACM Press is to provitie information to index it
according to the ACM classification system. At theoment, the authors, as
specialists in the content of their publicationspyide the categories and general
terms. Instructions and guidelines for this procedibesides its complexity and
extensiveness (about 12 steps), are always depemdethe judgement of each
author.

In this article, there are two main contributiotise creation of a truly hierarchical
multi-label document collection, extract from th€M library, and the development
of a methodology for multi-label hierarchical teassification composed by various
pre-processing techniques and a combination obwarclassification algorithms.

The paper is organized as follows. In section 2, ¢heation of the multi-label
hierarchical text collection is reported, and assimplified description of the ACM
website extractor/collector system. Section 3 dessrthe pre-processing techniques
used and the representation of texts chosen. Settie about feature selection and
the various documents collections created to testctassifiers. The next section is
devoted to the creation of the multi-label clagsdi In Section 6, the results of the
classifiers” performance evaluation are preserged,in the last section, conclusions
are drawn and some suggestions are made for fwtnle

1 Available http://mww.acm.org/class/1998/
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2 Multi-label Hierarchical Text Collection

The most important element of a classifier isrigéning set. A training set is just a set
of documents that exemplify the different classifions as fully as possible. If the
training set is poor, the classifier cannot classitoming documents correctly.

There are several sets of texts, including Rel&E#8, 20 Newsgrougs as well
as biological data sets ENZYME [20], used and efeed in the literature for multi-
label classification. However, these collections aot suitable for the study of multi-
label hierarchical classification, because, besitEshaving an original hierarchical
structure (Reuters-21578, Reuters-RCV1), they atemmulti-label (20 Newsgroups)
or are not even a text collection (ENZYME).

Due to the lack of a truly hierarchical and mutbél collection of texts, we
developed a solution able to autonomously navigateugh the ACM digital library,
in order to collect Web pages and extract the exledata to build a test collection.
From the various types of scientific documents ladé (journals, magazines,
proceedings, among others), we chose to collecptbeeedings because this is the
largest type of document represented in the ACkalipand it covers a large share of
the ACM categories involved, thereby exempting tlodlection of another type of
document.

2.1 Architecture

Using the SAX2 API (Simple API for XML version 2heé ACM tree was extracted
from a XML file and stored in a databas®ue to the large number of Web pages
needed and the high volume of data necessary tmotxtwe designed and
implemented a system capable of automatically birigyvéhe relevant Web pages
from the ACM website and extract the contents tériest to be stored in the created
database. The designed system architecture wad bas&oogle’s [2] architecture.
Figure 1 shows a simplified architecture of thetasys where the Extractor, its key
component, is represented. The system works aswiell(1) the Crawler is initially
supplied with an address (URL) of the ACM digitdrary; (2) the Crawler delivers
the Web Page to the Extractor; (3) The Extractmsalis its set of rules and:

a. If the page has details of a scientific article,eittracts data such as title,
keywords, abstract, primary and secondary classifin, etc. and save data in
the database;

b. If the page points to scientific articles, theirks are extracted and saved in the
database;

c. If the page is not any of the previous types, tiiés not relevant and therefore
nothing is done.

(4) The Crawler checks if there are web addressdbd database and if there are,
goes back to point 2; otherwise, ends.

2 http://www.daviddlewis.com/resources/testcollecsibauters21578/
3 http://people.csail.mit.edu/jrennie/20Newsgroups/
4 Available athttp://www.dei.isep.ipp.pt/~i000313/




556  A.P. Santos, F. Rodrigues

Web Page _l Web Page ‘itle, keywords,
v

URL and aditional
Opssifications

Relevant links
-

URL:
W ACM publications

Fig.1. Simplified architecture of the collection and extian system

The implemented process has the ability to findwaht Web pages and ignore the
others. 112,000 Web pages were collected; of th68e000 correspond to pages with
information on scientific documents such as tiflbstract, keywords, general terms,
ACM classification, authors and the connectionkjlito the full document irpdf
format. The information of each document was oletgifirst with the identification of
relevant Web pages, followed by the acquisition asttieval of information. The
information concerned by each publication was exé@ from the web pages based
on manually written rules. This was possible beeahe pages of the ACM site are
reasonably structured which facilitates the writofigules to automatically extract the
information. From the documents collected in theMA@ortal, it is possible to infer
that a document may have between zero and sevemanyriclassifications and
between zero and thirty-six additional classifioa - such a large number of
classifications only occur in extreme cases. Cansid the number of classifications,
ignoring the distinction between primary and seewgctlassifications, the collected
documents are distributed according to the numlbeslassifications, as shown in
figure 2.

Number of classifications by document

434

1% 713 m>6
19 2344
3%

Fig. 2. Classification of documents collected in the ACM Bbrt

The distribution expresses the following: 31,12Zuwoents do not have any
classification, whereas only 13132 documents hane dassification and the others
have two or more classifications.
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3 Pre-processing and Representation of Texts

After obtaining the document text collection, wheeeh training document is
composed by title, abstract, keywords and thesdifecations, it was necessary to
preprocess it in order to get better performanomfthe classification algorithms. In
this step, we used the APl WVTool 1.1 (Word Veckool) [13]. The preprocessing
tasks performed were:

- Term normalization, consisting of changing all dwers to lowercase, removal
of accents and treatment of equivalent terms (afthowritten in different ways -
for example, color/colour);

- Segmentation, division of text in single units (@rdure known as tokenization),
where all the characters (not letters) were recsghias separators, resulting units
(tokens) with just letters;

- Stopwords removal, based on a standard Englistoflistords, incorporated into
the AP,

- Reduction of the words to his radical, by the Stemgnprocess, using thieorter
Stemmer algorithm [11];

- Pruning (elimination) in the collection of wordsttwifrequency lower than 3. We
have not done the elimination of words with frequegreater than a given value,
because these words were deleted in the remowbp¥vords or excluded in the
selection of the most important terms (task repbittethe next section).

After the documents pre-processing, each documastrepresented as a vector of
terms to facilitate its manipulation. In this repeatation, each component of the
vector represents a word and has an associatedtvaggording to the TFxIDF (term
frequency inverse document frequency) measure.mbesure represents the number
of times the term occurs in the document, normdlaecording to the total number of
terms in the collection of documents. This meagives a greater weight to terms
that appear in the document more frequently bilyan the collection of documents.
The resulting vector for each document was norredlip Euclidean length.

4 Feature Selection

After the documents pre-processing phase, the nuofiterms originally in the text
collection remained high, although it was consibsraeduced. The high number of
terms or features is typical of text classificatiproblems. This high number of
features is not desirable because it significantigreases the amount of time
necessary for a classifier to learn. In fact, dbthe terms used in text documents are
relevant to describe them (and may even reduceqtiity of the classifier's
learning). As a result, it is common to choose lzssstimade up of the most important
terms. To assign a value which represents the itapee of a term, there are several
measures such as: information gain [12], mutuabrinftion, x* (chi-square) and
frequency [9]. We apply the measure informationngaince is one of the most
effective measures [18].
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4.1 Document Collection

As described before, each document in the ACM ctitle has several primary and
secondary classifications (multi-label classifioa)i and each classification is
organized in a hierarchical structure of four layddowever, in our experiments we
only considered the first two levels of the ACM fiaiehy, that is, the documents are
classified according to the classes A..K of thstfievel, and the topics of the second
level. From the collection of documents gatheredfrACM site, we have created
two smaller collections of documents: one with 5@@@uments and the other with
10,000 documents. Both are described on table 1.

Table 1. Documents Collection

Multi-Label Multi-Label

5000 10000
Number of documents 5000 10000
Total number of labels 11306 23786
Average number of labels per document 2,2612 2,3786
Maximum number of labels per document 14 19
Number of distinct terms after removing 11743 16475
Stopwords
Number of distinct terms after removing
Stopwordsand pruning of terms with lenght < 3 4467 5697
As\t/erage number of.documents by category in the 4545 909
1% level (11 categories)
Average number of documents by category in the 617 123.4

second level (81 categories)

Note: each document has one or more labels. Irr @theds, a document belongs to
one or more categories, and therefore contribuges umnit for one or more categories.
Since each of the collections above has a high eummbdifferent terms, we created
new collections of documents from each of themheawe with the 200, 400, 600,
800 and 1000 most important terms, selected acupri the gain of information
measure.

5 Multi-label hierarchical classification

5.1 Applied Algorithms

We apllied various plain multi-label classificatiaalgorithms: Binary Relevance
(BR), Label PowersefLP) [16] andMulti-Label k-Nearest NeighbdiMLKNN) [21].

The first two argroblem transformation methodshile the last one is aadaptation
algorithm The first two methods were chosen because thegygmond to the two
most basic approaches to multi-label classificatfpoblems. The MLKNN was
chosen as representative of the latest methogwatflem adaptationThe applied
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methods are in the APl Mulan(Multi-label classification). The BR and LP

algorithms were applied using the following badassification algorithms:

—Sequential Minimal Optimization (SMO), to train #assifier based on support
vector machines using polinomial kernels [10];

—-1BK, which is the implementation of the Weka softeaof k-Nearest Neighbor
Algorithm [1];
—Naive Bayes Multinomial [6];

—SVM (Support Vector Machine), using the IibrarySNz)MG;

—J48, which is the implementation of the C4.5 aldpni [9] for decision trees
learning (available in Weka).

With the exception of the SVM algorithm, all othalgorithms are in the Weka
software. All experiments involving the IBK algdnh were performed with the k-
value equal to 1 and 5. All experiments involving MLKNN were performed with k
equal to 1, 5, 10, and 30. The different valueggassl to k, both in algorithms IBK
and MLKNN, define the number of documents neighbfmswhich the algorithm is
based to make a decision. In all other algorithtims parameters used were the default
in their APIs.

The three multi-label classification algorithms kg are flat classification
algorithms, so their direct application to this Ipileam is not possible; therefore we
adopted the local hierarchical approach describéhka next section.

5.2 Methodsto Handle Hierarchical Problems

5.2.1 Methods of Problem Transfor mation

A solution to handle the problem of hierarchicasdification is to transform the

hierarchical structure of categories in a flat suwe and thus treat it as a problem of

flat classification, for which there are knov'gn gdans and with good results [5] [19].
oot

Root @ @

L1
R Jprryeryes
00000000

Fig. 3. Transformation of a hierarchical structure intded $tructure

Level 1

This approach does not make use of the hierarchyategfgories, resulting in the
loss of this knowledge. Despite the results inf@fe very similar when dealing with

5 Availablehttp://mlkd.csd.auth.gr/multilabel.html
6 Available http://www.csie.ntu.edu.tw/~cjlin/libsvm
7 Available http://www.cs.waikato.ac.nz/ml/weka




560 A.P. Santos, F. Rodrigues

the problem of classification in a hierarchical ditat shape, it is our opinion that
such results were possible due to the reduced nuafbeategories involved in the
problem.

The results reported in [7] with a higher numbecategories, support the use of a
hierarchy between the categories. For this reasothis work we adopt the local
hierarchical approach.

5.2.2 Local Hierarchical Approach

==
" Ssssmmmnnms

0690 50000 |
Fig. 4. Local hierarchical approach

In the local hierarchical approach the classifmatof a new document starts by
building one or more classifiers in the root noBé& problem solving), whose task is
to indicate which categories A,B,C,...,K of thesfitevel are relevant to the document.
Assuming that A and B were chosen as relevant oateg) it is now necessary to go
down to the second level and build one or moresfiass, in each of these categories
(separately solve the problems P2 and P3). Assuthaigthe classifier or classifiers
responsible for selecting the children categoriésnade A indicate as relevant
category 1, and the classifier or classifiers rasfme for selecting the categories of
child B indicate as relevant categories 0 and @y tire then assigned the following
ratings to the document: A> 1, B — 0, and B— 2. Note that the details of each
category to which the document belongs are madeatidg the path from the root,
because if a document belongs to a subcategalgatbelongs to all their ancestors.

5.2.3 Global Hierarchical Approach

In the global hierarchical approach @g-bang [15], the class hierarchy is treated as
a whole, and thus only a single classifier is resjide to discriminate all the classes
[7]. This approach is similar to the transformatadfra hierarchical structure into a flat
structure approach, but it somehow considers theattghical relationships between
classes. For this reason, the use of the flatifitzet#on methods in its original form is
not possible, it is necessary to do some transfiiom& in order to capture the
relationships between classes.

The construction of a classifier using the globgpraach is more complex than
following the local approach: it is computationathore complex and not flexible; for
example, each time there is a change in the higyartclasses, the classifier needs to
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be trained again. The local hierarchical approaclidéentified as computationally
more efficient than the global approach, but hageakness in the spread of errors,
that is, a wrong choice of a category in a giverellef the hierarchy means that the
error is propagated to all its descendants nodes.

6 Evaluation

The best known methods of evaluation of classifisugh as the holdout method, k-
fold cross-validation, leave-one-out and boostrapewdesigned to assess problems of
plain classification. Since this problem is a hiehdcal classification problem it was
necessary to adapt the method k-fold cross-vatidgtir each level of the hierarchy.
As there is still no consensus or a clear trentherevaluation measures to be applied
to multi-label hierarchical classification problemse chose to implement several
measures based on examples.

Note that, for each classifier, all the learningpst (learning, classification and
evaluation) were made together and not separatbly.experiments were performed
following the k-fold cross-validation method with=% 3 (where k is the number of
subsets and the number of times that cross-vadidatrocess is repeated). Although
this value is not as popular as the values k =Kkil&, 5, shown to be the most
appropriate, given the large number of experim@etformed, and the size of text
sets.

7 Results

With respect to the ACM tree, we only used thet finsd second level, because going
down to the third level would result in categorigish small numbers of documents.
In both 5000 and 10,000 documents collections wee happlied the various
algorithms above refered, using the 200, 400, @00 and 1000 most important
terms in each collection, selected according tdrif@mation gain measure. Next, we
only present the classification results at the sddevel of the tree, because only at
this level the final document classification isabed, see figures 5 and 6. Among all
combinations of algorithms tested we only presastliest results that match those
obtained withBinary Relevanceombined withNaive Bayes Multinomig(B.R. NB-
M.); Label Powersetombined withSequential Minimal OptimizatiofiL..P.SMO) and
Multilabel k-Nearest NeighbdiMLKNN).

The best results were obtained with the algoritiBimsary Relevanceombined
with Naive Bayes Multinomiallt is clear that the results obtained with this
combination of algorithms are independent of bdih $ize of the collection or the
number of terms used, that is, the results ardasiin both collections, with 5000 and
10,000 documents and are better with smaller nurdbeuments terms, that is, 200
terms are sufficient to characterize this type @émtific documents collected from
the ACM repository. In what concerns the other datgms, the algorithm MLKNN
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gives better results than those obtained with tgergthm L.P.SMO. Regarding the
documents collection, the MLKNN algorithm has thestbresults with the largest
collection (10,000 documents) and with the largasinber of terms (1000 terms).
But the L.P.SMO algorithm has better results witle tsmallest collection (5000
documents) and also needs a large number of tdiOeY.

Algorithm B.R. NB-M. Algorithm B.R. NB-M.
1.00 1,00
0,80 = = = — a 0,80 — —— a
0,60 0,60
0,20 0,20
0.20 0,20
0,00 T 0,00 T
1000 &00 600 400 200 1000 800 600 400 200
Number of terms Number of terms
—+—Hammingloss  —M—Accuracy Fmeasure —e—Hammingloss ~ —M—Accuracy Fmeasure
Algorithm L.P. SMO Algorithm B.R. NB-M.
0,70 0,70 =
- — . : - -
0,60 = 0,60 +— D
0,50 /v— 0,50 A/,"o‘
0,40 0,40 -
— —
0,30 0,30
0,20 0,20
0,10 0,10
0,00 T T T 1 0,00 T
1000 €00 600 400 200 1000 &0 600 400 200
Number of terms Number of terms.
—+—Hammingloss ~ ——Accuracy Fmeasure —+—Hammingloss ~ —Mi—Accurecy “measure
Algorithm MIKNN k=30 Algorithm MIKNN k=30
0,80 0,80
070 e —— ey 00 | e
0,60 0,60
0,50 0,50
0,40 0,20
0,30 A =2 0,30 o
0,20 0,20
0,10 0,10
0,00 T T T ] 0,00 T
1000 a00 600 400 200 1000 800 €00 400 200
Number of terms Number of terms
=—#—=Hammingloss  =f=Accuracy Fmeasure —t—=Hammirgloss  =M=Accuracy Frreasure
Fig. 5. Results of the different algorithms offrig. 6. Results of the different algorithms on
dataset 5000, according to the number of dataset 10000, according to the number of
terms terms

8 Conclusionsand Future Work

Text classification has received the attention esearchers, since the mid 90°s.
However, the multi-label hierarchical text clagsifion still remains actual and offers
exciting challenges, which give space for new reggaand optimization of
contributions already available. In this paper, giee an overview of hierarchical
classification problems and their solutions. A mlabel hierarchical text collection
classified according to the ACM scheme was createtipre-processed using various
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techniques. We have tested two problem transfoomatiethodsBinary Relevance
and Label Powersetcombined with various classification algorithmsdaalso an
adaptation methodviultilabel k-Nearest NeighboAll of them were evaluated using
two text collections with different number of ternEhe best results were obtained
with the combinatiorBinary Relevancewith Naive Bayes MultinomialFrom the
various experiences performed we can also condhatethis combination does not
depend of both the size of the collection and thealer of different terms used. We
want to stress that these conclusions are onlyl \fali the hierarchical multi-label
document collection extracted from the ACM library.
In addition to the work done in this article, henee some proposals for future

work:
—Investigate ways to recover from errors in a gilerel, that is, prevent the spread

of errors to lower levels of the hierarchy, which the main drawback of

hierarchical local approach;

—Investigate measures for the evaluation of mulielanierarchical classification that
takes into account the distance in the tree pravisetween the predict class and the
correct class;

- Conducting experiments using a hierarchical apgrahat combines at each level
different classifiers using boosting, bagging aicking.
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