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Abstract. This paper proposes the use of ensemble learning for the
identification of taxonomic relations between Modern Greek economic terms.
Unlike previous approaches, apart from is-a and part-of relations, the present
work deals also with relation types that are characteristic of the economic
domain. Semantic and syntactic information governing the term pairs is
encoded in a novel feature-vector representation. Ensemble learning helps
overcome the problem of performance instability and leads to more accurate
predictions.
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1 Introduction

A domain ontology is the tool that enables information retrieval, data mining,
intelligent search in a particular thematic domain. Ontologies consist of concepts that
are important for communicating domain knowledge. These concepts are structured
hierarchically through taxonomic relations. A taxonomy usually includes
hyperonymy-hyponymy (is-a), and meronymy (part-of) relations.

Learning taxonomic relations between the concepts that describe a specific
domain automatically from corpora is a key step towards ontology engineering. The
advent of the semantic web has pushed the construction of concept taxonomies to the
top of the list of interests of language processing experts.

A complete ontology, however, may also include further information regarding
each concept. The economic domain, especially, is governed by more ‘abstract’
relations, that capture concept attributes (e.g. rise and drop are two attributes of the
concept value, a stockholder is an attribute of the concept company). Henceforth, this
type of relation will be referred to as attribute relation. A term pair is governed by an
attribute relation if it does not match the typical profile of an is-a or a part-of relation.
All the aforementioned types of relations are henceforth called taxonomic in this
paper.

The present work proposes a methodology for automatically detecting taxonomic
relations between the terms that have been extracted from Modern Greek collections
of economic texts. Unlike most previous approaches, that focus basically on
hyponymy, in this work, meronymy as well as attribute relations are also detected.



The work is part of an ongoing research effort to build an economic ontological
thesaurus for Modern Greek.

A set of empirically selected features are proposed for taxonomy learning, that
describe syntactic and semantic properties of the extracted term pairs. Each term pair,
accompanied by its set of features, is classified into one of the taxonomy type classes,
which indicates the type of taxonomic relation it belongs to. Therefore, each term pair
is represented as a feature-value vector (instance).

One of the main ideas that this work has been based on, is the ability of the
proposed methodology to be easily applied to other languages and other domains. For
this reason, and unlike several previous approaches, the concept hierarchy is built
from scratch, instead of trying to extend an already existing ontology. Furthermore,
no use of external resources is made, e.g. semantic networks (like WordNet),
grammars, or pre-existing ontologies.

This automatic nature of the process, and the use of minimal external resources
does not allow individual stand-alone learning algorithms to predict new instance
classes most accurately. Therefore, several ensemble learning setups are proposed in
order to achieve optimal classification accuracy. Bagging, boosting and stacking
schemes have been experimented with and comparative results are presented.

Another interesting aspect of the present work is the language itself. Modern Greek
is a relatively free-word-order language, i.e. the ordering of the constituents of a
sentence is not strictly fixed, like it is in English. The rich morphology, as well as
other typical idiosyncrasies of the language (described in section 4) are taken into
account throughout the present work.

2 Related Work

Previous approaches to taxonomy learning have varied from supervised to
unsupervised clustering techniques, and from methodologies that make use of external
taxonomic thesauri, to those that rely on no external resources.

Regarding previous approaches that employ clustering techniques, the work in [3]
describes a conceptual clustering method that is based on the Formal Concept
Analysis for automatic taxonomy construction from text and compares it to similarity-
based clustering (agglomerative and Bi-Section-KMeans clustering). The
automatically generated ontology is compared against a hand-crafted gold standard
ontology for the tourism domain and report a maximum lexical recall of 44.6%.

Other clustering approaches are described in [6] and [19]. The former uses a
syntactically parsed text (verb-subcategorization examples) and utilize iterative
clustering to form new concept graphs. The latter also makes use of verb-object
dependencies, and relative frequencies and relative entropy as similarity metrics for
clustering.

In [18] the authors take advantage of a taxonomic thesaurus (a tourism-domain
ontology) to improve the accuracy of classifying new words into its classes. Their
classification algorithm is an extension of the kNN method, which takes into account
the taxonomic similarity between nearest neighbors. They report a maximum overall
accuracy of 43.2%.



[11] identifies taxonomic relations between two sections of a medical document
using memory-based learning. Binary vectors represent overlap between the two
sections, and the tests are run on parts of two Dutch medical encyclopedias. A best
overall accuracy value of 88% is reported.

[24] proposes a methodology for extending lexical taxonomies by first identifying
domain-specific concepts, then calculating semantic similarities between concepts,
and finally using decision trees to insert new concepts to the right position in the
taxonomy tree. The classifier is evaluated against two subtrees from GermaNet.

The authors in [15] interpret semantically the set of complex terms that they
extract, based on simple string inclusion. They make use of a variety of external
resources in order to generate a semantic graph of senses.

Another approach that makes use of external hierarchically structured textual
resources is [13]. The authors map an already existing hierarchical structure of
technical documents to the structure of a domain-specific technical ontology. Words
are clustered into concepts, and concepts into topics. They evaluate their ontology
against the structure of existing textbooks in the given domain.

[12] makes use of clustering, as well as pattern-based (regular expressions)
approaches in order to extract taxonomies from domain-specific German texts.

The authors in [4] also make use of syntactic patterns to extract hierarchical
relations, and measure the dissimilarity between the attributes of the terms using the
Lance and Williams coefficient. They evaluate their methodology on a collection of
forms provided by the state agencies and report a precision value of 73% and 85% for
is-a and attributive relations respectively.

As can be seen, most previous approaches rely on the use of external resources,
semantic networks, grammars, pre-existing ontologies, hierarchically structured
corpora, and focus mainly on hyperonymy/hyponymy relations. In this work, merely
an unstructured corpus is used and an attempt is made to learn a wider range of
relation types.

3 Ensemble Learning

The standard supervised learning problem is described as a program that is given
training examples as input in the form of {(Xy, y;), ..., (Xn, ¥»)}, Where each X; is a
vector of feature-value pairs, and y; is the value of the class label for the vector. The
goal of the learning algorithm is to output a hypothesis 4 (classifier), which is an
approximation of the real classification function y=f{x). The learner then predicts the
class value of new unseen (not present among the training examples) X vectors using
the hypothesis.

An ensemble of classifiers is a set of individual (base) classifiers whose output is
combined in order to classify new instances. The construction of good ensembles of
classifiers is one of the most active areas of research in supervised learning, aiming
mainly at discovering ensembles that are more accurate than the individual classifiers
that make them up [5].

Various schemes have been proposed for combining the predictions of the base
classifiers into a unique output. The most important are bagging, boosting and



stacking. Bagging entails the random partitioning of the dataset in equally sized
subsets (bags) using resampling [2]. Each subset trains the same base classifier and
produces a classification model (hypothesis). The class of every new test instance is
predicted by every model, and the class label with the majority vote is assigned to the
test instance.

Unlike bagging, where the models are created separately, boosting works
iteratively, i.e. each new model is influenced by the performance of those built
previously ([7],[22]). In other words, new models are forced, by appropriate
weighting, to focus on instances that have been handled incorrectly by older ones.

Finally, stacking usually combines the models created by different base classifiers,
unlike bagging and stacking where all base models are constructed by the same
classifier [5]. After constructing the different base models, a new instance is fed into
them, and each model predicts a class label. These predictions form the input to
another, higher-level classifier (the so-called meta-learner), that combines them into a
final prediction.

4 Automatic Extraction of Economic Terms

The first step of the procedure proposed in this paper is the automatic extraction of
economic terms, following the methodology described in [23]. A brief summary of
the term extraction process is presented here.

4.1 Corpora

Corpora comparison was employed for the extraction of economic terms. Corpora
comparison detects the difference in statistical behavior that a term presents in a
balanced and in a domain-specific corpus.

The domain-specific corpus [10] is a collection of economic domain texts of
approximately five million words of varying genre, which has been automatically
annotated from the ground up to the level of phrase chunking. The balanced corpus
([8] [16]) is a collection of 300,000 words, manually annotated with morphological
information.

4.2 Candidate terms

Noun and prepositional phrases of the two corpora are selected to constitute candidate
terms, as only these phrase types are likely to contain terms.

Coordination schemes are detected within the phrases, and the latter are split into
smaller phrases respectively. The occurrences of words and multi-word units (n-
grams), pure as well as nested, are counted. Longer candidate terms are split into
smaller units (tri-grams into bi-grams and uni-grams, bi-grams into uni-grams).

Due to the relative freedom in the word ordering in Modern Greek sentences, bi-
gram A B (A and B being the two lemmata forming the bi-gram) is considered to be
identical to bi-gram B A, if the bi-gram is not a named entity. Their joint count in the



corpora is calculated and taken into account. The resulting uni-grams and bi-grams
are the candidate terms. The candidate term counts in the corpora are then used in the
statistical filters.

Figure 1 shows the count calculation for the nested candidate terms. The two tri-
grams, A B C and B C D occur in a corpus three and four times respectively. The
accumulative counts of the nested terms are shown in parentheses.
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Fig. 1. Counting the occurrences of the nested candidate terms in the corpus.

4.3 Filtering

The domain-specific corpus available to us is quite large compared to the balanced
corpus. As a result, several terms that appear in it, do not appear in the balanced
corpus, making it impossible for them to be detected by corpora comparison. In order
to overcome this problem, Lidstone’s law [14] was applied to the candidate terms, i.e.
each candidate term count was augmented by a value of A=0.5 in both corpora.

Filtering was then performed in two stages: First the relative frequencies are
calculated for each candidate term. Then, for those candidate terms that present a
relative frequency value greater than 1, the Log Likelihood ratio (LLR) is calculated.

The LLR metric detects how surprising (or not) it is for a candidate term to appear
in the domain-specific or in the balanced corpus (compared to its expected appearance
count), and therefore constitute an economic domain term (or not). The term
extraction methodology reaches a precision of 82% for the 200 N-best candidate
terms.

5 Taxonomy Learning

The next phase of the proposed methodology constitutes the core of the current work
and focuses on the syntactic and semantic information that has been taken into
account for the identification of the taxonomic relations between the terms that were
extracted in the previous phase. The proposed features are empirical.



5.1 Semantic context vectors

The sense of a term is strongly linked to the context the term appears in. To this end,
for each extracted term semantic context vectors have been constructed, that are
comprised by the ten most frequent words the term co occurs with in the domain-
specific corpus.

A context window of two words preceding and two words following the term for
every occurrence of the term in the corpus is formed. All non-content words
(prepositions, articles, pronouns, particles, conjunctions) are disregarded, while
acronyms, abbreviations, and certain symbols (e.g. %, €) are taken into account
because of their importance for determining the semantic profile of the term in the
given domain. Bi-grams (pairs of the term with each word within the con-text
window) are generated and their frequency is recorded. The ten words that present the
highest bi-gram frequency scores are chosen to form the context vector of the term.

5.2 Semantic similarity

For each pair of terms, their semantic similarity is calculated, based on their semantic
context vectors. The smaller the distance between the context vectors, the more
similar the terms’ semantics. The value of semantic similarity is an integer with a
value ranging from 0 to 10, which denotes the number of common words two context
vectors share.

5.3 Semantic diversity

Another important semantic feature that is taken into account is how ‘diverse’ the
semantic properties of a term are, i.e. the number of other terms that a term shares
semantic properties with. This property is important when creating taxonomic
hierarchies, because, the more ‘shared’ the semantic behavior of a term is, the more
likely it is for the term to have a higher place in the hierarchy.

The notion of ‘semantic diversity’ is included in the feature set by calculating the
percentage of the total number of terms whose semantic similarity with the focus
term (one of the two terms whose taxonomic relation is to be determined) is at least 1.

5.4 Syntactic patterns

Syntactic information, regarding the linguistic patterns that govern the co occurrence
of two terms, is significant for extracting taxonomic information. For languages with
a relatively strict sentence structure, like English, such patterns are easier to detect
[9], and their impact on taxonomy learning more straightforward.

As mentioned earlier, Modern Greek presents a larger degree of freedom in the
ordering of the constituents of a sentence, due to its rich morphology and its complex
declination system. This freedom makes it difficult to detect syntactic patterns, and,
even if they are detected, their contribution to the present task is not that easily
observable.



However, two Modern Greek syntactic schemata prove very useful for learning
taxonomies. They are the attributive modification schema and the genitive
modification schema. The first, known in many languages, is the pattern where
(usually) an adjective modifies the following noun. The second is typical for Modern
Greek, and it is formed by two nominal expressions, one of which (usually following
the other) appears in the genitive case and modifies the preceding nominal, denoting
possession, property, origin, quantity, quality. The following phrases show examples
of the first (example 1) and the second (examples 2, 3 and 4) schemata respectively.

@) T0 petoyko[ADJ]  keedroao[NOUN]
the stock capital

) n katd0eon[NOUN] entoyng[NOUN-GEN]
the deposit check

(the deposit of the check)

3) poedpog[NOUN] TOV oLpPovAiov[ NOUN-GEN]
head the council
(head of the council)

4) avEnon[NOUN] tov ke@oAaiov[NOUN-GEN]
increase the capital
(capital increase)

Both these schemata enclose the notion of taxonomic relations: hyponymy
relations (a check deposit is a type of deposit, a stock capital is a type of capital), as
well as meronymy relations (the head is part of a council). The fourth example
incorporates an attribute relation.

The distinction among the types of relations is not always clear. In the check
deposit example, the deposit may also be considered an attribute of check,
constituting thereby an attribute relation.

For each pair of terms, the number of times they occur in one of the two schemata
in the domain-specific corpus is calculated. This information is basically the only
language-dependent feature that is included in the methodology.

6 Classification Schemata and Results

After the process described in section 4, the 250 most highly ranked terms (according
to the LLR metric) were selected, and each one was paired with the rest. The syntactic
and semantic information described in the previous section has been encoded in a set
of attributes that form a feature-value vector for each pair of terms (learning instance
— as described in section 3). The term lemmata, their frequencies, and their part-of-
speech tags were also included in the feature set. The semantic relations of a total of
6000 term pairs were manually annotated by economy and finance experts with one of
the four class label values: is-a, part-of, attribute relation and no relation (null). 9% of



the term pairs belong to the is-a class, 17% belong to the attribute class and only
0,5% belong to the part-of class. The instances that belong to one of the first three
classes are called positive, while those that belong to the null class are called negative.
Different classifiers lead to different results. Preliminary experiments have been
run using various classification algorithms. C4.5 is Quinlan’s decision tree induction
algorithm without pruning [21]. Decision trees were chosen because of their high
representational power, which is very significant for understanding the impact of each
feature on the classification accuracy, and because of the knowledge that can be
extracted from the resulting tree itself. /B/ is the implementation of the 1-Nearest
neighbor instanced-based learning algorithm and is chosen to constitute a reference to
a baseline classification performance. SVM is the Support Vector Machines classifier
with a linear kernel. SVM cope well with the sparse data problem, and also with noise
in the data (an inevitable phenomenon due to the automatic nature of the procedure
described so far). A first degree polynomial kernel function was selected and the
Sequential Minimal Optimization algorithm was chosen to train the Support Vector
classifier [20]. BN is a Bayesian Network classifier, using a hill climbing search
algorithm, and the conditional probability tables are estimated directly from the data.
The performance metrics that are used to estimate classification accuracy are the
precision and recall scores from the information retrieval domain. They are defined as

Precision = TP/ (TP+FP) . (1)
Recall = TP/ (TP+FN) . 2)

where TP (true positives) is the number of correctly classified positive instances,
FP (false positives) is the number of negative instances that have been incorrectly
classified as positive, and FN are the number of positive instances that have been
incorrectly classified as negative. The two metrics can be combined in a single one,
called f-score:

F-score = 2*Recall*Precision/(Recall+Precision) . 3)

Table 1. Class f-score for various classifiers.

C4.5 IBl  Naive Bayes SVM BN

Is-a 0.808 0.694 0.419 0.728 0.762
Part-of 04 0 0 0 0
Attribute 0.769 0.765 0.77 0.788 0.775
Null 0.938 0.904 0.892 0.907 0.917

Table 1 shows the f-score for each class achieved when trying to classify new term
pairs using 10-fold cross validation. The dataset is divided into ten parts and ten
experiments are run using one part for testing and the remaining nine for training. The
results of the ten experiments are then averaged.



The poor results for the part-of relation are attributed mainly to its extremely rare
occurrence in the data. The economic domain is more “abstract” and is governed to a
large extent by other relation types.

To overcome this problem of performance instability among the various classifiers,
the application of ensemble learning [17] is proposed. The combination of various
disagreeing classifiers leads to a resulting classifier with better overall predictions [5].
Experiments have been conducted using the aforementioned classifiers in various
combination schemes using bagging, boosting and stacking.

Table 2 shows the results using bagging. Experiments were run using several base
classifiers and several bag sizes as a percentage of the dataset size. 50% bag size
means that half of the dataset instances were randomly chosen to form the first
training set, another random half is used to form the second training set etc. After
repeating the process ten times (10 iterations), the datasets are used to train the same
base learner. Majority voting determines the class label for the test instances. The best
results are achieved with a decision tree base classifier, when using 50% of the
instances to fill the bags.

Table 2. Results with bagging.

C4.5 I1B1 SVM BN
Bag Size 50% 100% 50% 100% 50% 50%
Is-a 0,856 0.777 0,736 0,687 0.728 0,766
Part-of 0 0 0 0 0 0
Attribute 0,809 0.751 0,765 0,766 | 0.786| 0,783
Null 0,962 0.935 0912 0,904 0,908 0,909

Table 3 shows the results using boosting. Again, various experiments were
conducted with different base learners. The best results are again obtained with a
decision tree base learner. It is interesting to observe the detection of some part-of
relations using boosting.

Table 3. Results with boosting.

C4.5 IB1 SVM BN

Is-a 0,772 0,719 0611 0,826
Part-of 0,286 0 0 0
Attribute 0,762 0,744 0.732 0,798
Null 0,922 0,903 0,92 0,944

Table 4 shows the results with stacking. Different base classifiers were combined,
and their predictions were given as input to the higher level meta-learner. The
combined classifiers are the IB1 instance based-learner, the C4.5 decision tree learner,
the Naive Bayes learner, the Bayes Network classifier and the Support Vector
Machine classifier. After running experiments with several combinations, it became
obvious, that the greater the number and the diversity of the base classifiers, the better
the achieved results. Using the same base learner combination, numerous experiments
were run to compare meta-learners (shown in table 4). The best results are achieved
using SVM as a meta-learner, but the results are very satisfactory with the other meta-



learners as well. It is interesting to observe that even the simple lazy meta-learner,
IB1, reaches an f-score higher than 81% for all three classes. This is attributed to the
predictive power of the combination of base learners. In other words, the
sophisticated base learners do all the hard work, deal with the difficult cases, and the
remaining work for the meta-learner is simple.

Table 4. Results with stacking.

Meta-learner C4.5 1B1 Naive Bayes SVM
Is-a 0,761 0,848 0,827 0,853
Part-of 0 0 0 0
Attribute 0,756 0,818 0,793 0,835
Null 0,94 0,952 0,947 0,957
7 Discussion

Comparing the results with ensemble learning (tables 2, 3 and 4) and simple learning
(table 1), the positive impact of combining multiple classifiers into a single prediction
scheme becomes apparent. Mistakes made by one single classifier are amended
through the iterative process and the majority voting in bagging, through instance
weighting, according to how difficult an instance is to predict, in boosting, and
through combining the strengths of several distinct classifiers in stacking.

Among the several ensemble schemes, stacking achieves the highest results. As
mentioned earlier, class prediction performance benefits significantly from combining
different base learners, because, roughly speaking, the weaknesses of one classifier
are ‘overshadowed’ by the strengths of another, leading to a significant improvement
in overall prediction.

The part-of relation proves to be very problematic, even with meta-learning. This is
not surprising, however, taking into account that only 0,5% of the data instances were
labeled as part-of relations. This rare occurrence leads all learning algorithms to
disregard these instances, except for the unpruned decision tree learner, either as a
stand-alone classifier or as base classifier in a boosting scheme. When no pruning on
the decision tree is performed, overlooking tree paths that might be important for
classification is avoided, and, thereby, even very low frequency events may be taken
into account.

The extracted relations are useful in many ways. They form a generic semantic
thesaurus that can be further used in several applications. First, the knowledge is
important for economy/finance experts for a better understanding and usage of
domain concepts. Moreover, the thesaurus facilitates intelligent search. Looking for
semantically related terms improves the quality of the search results. The same holds
for information retrieval and data mining applications. Intelligent question/answering
systems that take into account terms that are semantically related to the terms
appearing in queries return information that is more relevant, more accurate and more
complete.

The economic domain is governed by semantic relations that are characteristic of
the domain (buy/sell, monetary/percentage, rise/drop relations etc.), and that have



been included under the attribute relation label in this work. A more fine-grained
distinction between these types of attribute relations is a challenging future research
direction, providing information that is very useful for data mining applications in the
particular domain.

8 Conclusion

This paper described the process of learning semantic relations between economic
terms automatically from Modern Greek corpora. The presented methodology makes
use of no external resources in order for it to be easily portable to other domains. The
language-dependent features of the described approach are kept to a minimum, so that
it can be easily adapted to other languages. Several ensemble learning schemes were
experimented with in order to overcome the shortcomings of simple individual
classifiers, leading to an overall f-score of 68,5%. Bearing in mind the use of minimal
resources and the highly automated nature of the process, classification performance
is very promising, compared to results reported in previous work.
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