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Ontology Driven IPC Based Classification of a
Research Abstract
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Abstract—This paper introduces a method of on-
tology driven text classification. We retrieve corre-
spondence between research abstract and patent cate-
gories (i.e. International Patent Classification or IPC)
organized in a taxonomy of an ontology. In the pro-
posed method, we associate each category to a set
of related features and their weight-values extracting
from the pre-classified huge patent documents. We
extract features and the feature-to-feature relations
from a research abstract. Then the extracted fea-
tures of the abstract are mapped with the categories
of ontology considering underlying semantics to corre-
spond the proper classifications or categories. We ex-
perimented with IPC ontology and huge pre-classified
patent documents to classify research abstract and
the result shows the strength of our method.

Keywords: Text Mining, Text Classification, CHI-
Square, International Patent Classification (IPC), On-
tology, Patent Mining.

1 Introduction

Text classification in the field of information retrieval
(IR) is an activity of labeling natural language texts with
thematic categories from a predefined set. The stan-
dard methods of the machine learning techniques used
in text classification usually operate on input documents
after they have been transformed into feature vectors
fi, f2, -, fn € D. Most of the available techniques
depend on the syntactic analysis of the features or key-
words. They seldom analyze the semantics beneath the
text. However, we use the the taxonomy of categories
and the undelying semantics in the text for document
classification.

We have a large number of IPCs organized by World In-
tellectual Property Organization (WIPO) and huge num-
ber of preclassified patent documents. WIPO maintains
IPC within an ontology in XML format ! having taxon-
omy of categories and relations such as cross references.
The IPC taxonomy consists of about 80,000 categories
that cover the whole range of industrial technologies.
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Figure 1: A is a section for ‘Human Necessities’, A0l is
class representing ‘Agriculture; Forestry; Hunting; Fish-
ing; etc.”, A01B is subclass which consists of ‘Soil working
in agriculture or forestry etc.’, AO1B 1/00 is a main group
representing ‘Hand Tools’, while AO1B 1/02 is a subgroup
for ‘Spades; Shovels’.

There are eight sections named A through H at the high-
est level of the hierarchy, then 128 classes, 648 subclasses,
about 7200 main groups and 72000 subgroups at the low-
est level (See Fig. 1). The subgroups are even classified
into different sublevels. Moreover, we have large collec-
tion of preclassified English patent documents of eight
years from 1993 through 2000, which includes about one
million of patent documents. An average patent docu-
ment contains more than 3000 words.

Classification of a research abstract considering patent
categories, like IPC, is a challenging tasks in the field of
IR. Many vague and general terminologies are often used
to avoid narrowing the scope of the invention [1] in patent
documents. Patent documents contain even acronyms
and many new technical terminologies [2], which make
patent based classification task challenging. Moreover, an
abstract usually contains general terminologies to make
it understandable by even general people. As a result,
indexing of terminologies is not alone sufficient in this
field of classification due the above problems. Machine
learning based classifier often suggests a number of cat-
egories instead of a single one due to the generality of
the features. It is a worthy chanllenge of a classifica-
tion scheme to identify a single relevant category for an
abstract within the universe of knowledge. When a doc-
ument discloses multiple categories of IPCs, the rules of
precedence have to be applied in order to determine the
final classification with sufficient depth [3]. Therefore,
some effective alternative techniques of automatic patent
classification is necessary to deal with the challenges.

To overcome the challenges of automatic patent classifi-
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cation, we introduces a new approach. Qur system uses
ontology of IPC available in the WIPO official website,
and creates model of taxonomy for IPCs. It also develops
mapping between features available in patent documents
to the IPC of the taxonomy. To classify a research ab-
stract, our system uses the mapping of the feature to IPC
to retrieve probable IPCs related to the given abstract.
We consider each of the probable IPCs as an anchor point
to start off finding more specific categories related to the
abstract. Our system further observes the availability of
the features of the abstract to the description of neigh-
bors of the probable IPC as decsribed by Seddiqui et.
al. [4] in their ontology alignment technique. It refines
the probable IPCs taking advantages of the locality of ref-
erences. Eventually, our system produces more relevant
IPC in sufficient depth for a research abstract with the
help of ontology and utilizing the technique of ontology
alignment. It is capable of generating significantly bet-
ter results of categorization within short span of elapsed
time.

We organize the rest of the paper as follows: Section 2
contains the related works, while Section 3 focuses the
text preprocessing of our system. Section 4 describes the
main processing unit of our method. We describe our ex-
periments and evaluation in Section 5. Section 6 includes
the conclusion and the future directions.

2 Related Works

The document categorization based on the patent classi-
fication scheme can be performed in two ways: an algo-
rithm can either flatten the taxonomy of IPC and con-
sider it as independent categories, or can incorporate the
hierarchy in the process of categorization. Early patent
categorizers chose the former solution, but these were
outperformed by the real hierarchical classifiers.

The first hierarchical classifier was developed by
Chakrabarti et. al. [5, 6] using Bayesian hierarchical
classification system applying the Fisher’s discriminant.
The Fisher’s discriminant is a well-known technique from
statistical pattern recognition. It is used to distinguish
the feature terms from the noise terms efficiently. They
tested the approach on a small-scale subtree of a patent
classification consisting of only 12 subclasses organized in
three levels [7].

Larkey [8, 9] has created a tool for attributing US patent
codes based on a k-Nearest Neighbor (k-NN) approach.
The inclusion of phrases (features of multi-word terms)
during indexing is reported to have increased the sys-
tems precision for patent searching but not for catego-
rization [8], though the overall system precision is not
specified.

Kohonen et. al. [10] developed a self-organizing map
based PC system. Their baseline solution achieved a
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precision of 60.6% when classifying patents into 21 cate-
gories.

A comprehensive set of patent categorization tests is re-
ported in [11]. These authors organized a competitive
evaluation of various academic and commercial catego-
rizers, but have not disclosed detailed results. The par-
ticipant with the best results has published his findings
separately [12].

The above listed approaches are difficult to compare due
to the lack of a common benchmark patent applica-
tion collection and a standard patent taxonomy. This
lack has been at least partly alleviated with the disclo-
sure of the WIPO and NTCIR 2 document collections.
First, the WIPO-alpha English collection was published
in 2002 [13], and shortly after the WIPO-de German
patent application corpus became publicly available [14].
The creators of the WIPO-alpha collection [1] performed
a comparative study with four state-of-the-art classifiers
(Naive Baye’s, NB; Support Vector Machine, SVM; k-NN
and a variant of Winnow) and evaluated them by means
of performance measures customized to typical PC sce-
narios. The authors found that at the class level NB and
SVM were the best (55%), while at the subclass level
SVM outperformed other methods (41%). Since then,
several works reported results on WIPO-alpha. Unfortu-
nately, most authors scaled down the problem by work-
ing only on a subset of the whole corpus. Hofmann et.
al. [15] experimented on the D section (Textile) with
160 leaf level categories and obtained 71.9% accuracy.
Rousu et. al. [16] evaluated their SVM-like maximum
margin Markov network approach also on the D section
of the hierarchy, and achieved 76.7% averaged overall F-
measure value. Cai and Hofman [17] tested their hierar-
chical SVM-like categorization engine on each section of
WIPO-alpha, and obtained 32.4-42.9% accuracy at the
maingroup level.

A patent application oriented knowledge management
system has been developed by Trappey et. al. [1§],
which incorporates patent organization, classification and
search methodology based on back-propagation neural
network (BPNN) technology. Other hierarchical catego-
rization algorithms such as in [19, 20, 21] have not been
evaluated on patent categorization benchmarks.

3 Text Preprocessing of Our System

Our system of patent classification includes two major
steps for the whole process: preprocessing and the main
processing. The preprocessing step contains two indepen-
dent operations, one is the development persistent mem-
ory model of IPC taxonomy from IPC ontology available
in XML format 2, and the other is the feature selection.

2NTCIR Home, http://research.nii.ac.jp/ntcir/
3http://www.wipo.int/classifications/ipc/en/download_area/
20080101 /xml/ipcr_scheme_20080101.zip
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The feature selection utilizes the machine learning tech-
niques to normalize a text, to reduce availability of rare
words, and to map features to IPCs based on CHI-square
technique.

3.1 Creating Taxonomy of IPC

We create our own memory model for the taxonomy along
with some simple relations from the IPC ontology avail-
able in XML format. We use DOM XML parser to parse
the TPC contents. The XML file for IPC contains en-
tryReference tag for referencing other IPCs which are
relatively similar, but available in different groups. We
parse the entryReference tag as a relationship between
IPCs. The relationship in the taxonomy of IPC deals
indirect categorization of patent classification. We repre-
sent the persistent memory model of IPC taxonomy by
directed acyclic graph structure.

3.2 Feature Selection

There are almost one million preclassified English patent
documents in a dataset from the year 1993 through 2000.
Our text analyzer represents a document as a set of fea-
tures, d = {fi, f2, fs, ..., fm}, where m denotes the
number of features that occur in the documents. More-
over, every patent document is associated with a primary
IPC. Feature, typically, represents a single or multi-word
term having unique meaning together.

3.2.1 Text Normalization

The primary text preprocessing unit parses all the
documents and attach POS-tag using stanford POS-
tagger [22, 23], removes the standard stop words of En-
glish, and stems individual words with porter stemmer.
We extract features as both individual words and the
multi-words. The normalized features or terms are asso-
ciated with their corresponding IPC and IPC based term
frequency as each documents comes along with primary
IPC.

After the text normalization and extraction of feature
terms, we use Document Frequency (DF), which is fre-
quently used in Information Retrieval (IR) field, for re-
moving rare terms to reduce feature space and to increase
accuracy, and x? based analysis for the processing to as-
sign features to specific categories.

3.2.2 Document Frequency (DF)

The document frequency is represented by the number of
documents in which a term occurs. We compute the doc-
ument frequency for each unique term in the training cor-
pus with the preclassified patent document. Afterwards,
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we remove the terms from the feature space, whose docu-
ment frequency is less than the predetermined threshold.
We consider the threshold as two. The basic assumption
is that rare terms are either non-informative for category
prediction or not influential in global performance. In
either case removal of rare terms reduces the dimension-
ality of the feature space. However, we do not use the DF
for aggressive term removal because of a widely received
assumption in information retrieval, as low (however, not
less than threshold) document frequency terms are as-
sumed to be relatively informative.

3.2.3 CHI-Square, x? based Feature Selection

After removing the rare terms, we apply the x? statistic
to measure the relationship between term, t and category,
c and we compare to the x? distribution with one degree
of freedom to judge extremeness. If term t is associated
more than one categories, x? is calculated for all of the
categories. Using the two way contingency table of a
term t, and a category c, where A is the number of times
t and c co-occur, B is the number of time the t occurs
without c, C is the number of times ¢ occurs without t,
D is the number of times neither ¢ nor t occurs and N is
the total number of classes. The values A — D are called
the observed frequencies (O), and may be arranged in a
2 x 2 contingency table and we calculate the expected
frequencies (E) for each table cell according to M. Oakes
et al. They defined the Chi-Square using the contingency
table as follows:

(1)

If x? is greater than 3.84, we can be 95% confident that
the word does occur more frequently in one of the two
text types. If the ratio A/B is greater than the ratio
(A+C)/(A+D), then the word is more typical of the spe-
cific category c (a “positive indicator”), otherwise it is
more typical of the rest of the category (a “negative indi-
cator”). If the word is classified to be a part of a category
c confidently, then the x2 value of the word for other cat-
egory is set to zero. And if x? is not greater than 3.84, we
keep the x? value for each of the category. For the calcu-
lation to be reliable we must discard any words where E
is less than 5). [24]

3.2.4 Taxonomy of the Bag of Words (BOW)

We have taxonomy of IPC derived from the IPC ontology,
where IPC are arranged in multiple layers, i.e. section,
class, subclass, main group and subgroup categories (See
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Fig. 1) and CHI-Square based feature selection is ca-
pable of retrieving terms related to a specific category.
Therefore, we apply x> based method for selecting fea-
tures for section of IPC first. In this way, we can get a
bag of words or features associated to a particular section.
Then, these features of a particular section are futher dis-
tributed among its class and so on. After a few iteration,
we get a taxonomy of the Bag of Words, which is not nec-
essarily related in terms of meaning, however, they are in
the taxonomy for their availability in the related fields.

Although the total preprocessing cost much in compu-
tation, however, it is only measured once and kept as a
repository. It is reused until the IPC taxonomy or the set
of preclassified patent documents are changed. After the
preprocessing IPC taxonomy with relationships and the
feature-IPC mapping are stored for any time use in the
main processing.

4 Main Processing Unit of Our System

The main processing block has three steps of operation.
As a primary step, our system process research abstract
to be classified. On the next step, we use feature-IPC
mapping data for predicting probable IPC related to the
given abstract, while on the last step, we use taxonomy
alignment to narrow down the primary selection of IPC.

LAbstrad

Feature -IPC
Map

IPC
Taxonomy

Filtered and
Ranked IPC

Ordered IPC

Figure 2: The overall block diagram of our patent mining
system which produces ranked list of proposed IPCs for
a scientific abstract.

Let us assume that an abstract contains features,
a = {fai, fas, ..., fa,}. Then, the following sub-
sections describe the steps quite elaborately.

4.1 Processing Abstract Text

We normalize the abstract to be classified using the tech-
niques described in Section 2.2 and extracts the features.
In addition to the normalization process, we discover the
lexico-syntactic pattern [25, 26, 27] to detect hyponymy
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relations of terms. We also use hyponym/hypernym (is-
a/is-a-type-of) relation [28] of WordNet for finding rela-
tion among features available in the abstract. We develop
simple taxonomy of terms, rather than complex ontology
learning procedures, to find simple hierarchical relation-
ships only. However, there are some abstract which is too
short to extract any relationship among terms. There-
fore, at the stage of processing abstract text, we find
banch of features, and we may also find a hierarchy of
features showing their relationship.

4.2 Predicting Probable IPC

We use repository data for feature-IPC mapping for pre-
dicting primary probable IPC for a given abstract. We
have classifiers that can evaluate the similarity between
the abstract and the categories by using weight value of
feature-IPC mapping. The relevance of an abstract a, to
a category c, is defined as

®e =3 rea X (f:0)

where x2(f,c) is the weight of feature f in the abstract
a. If the relevance, ®. of an abstract a to a category
¢ is greater than the threshold, 6, then the category is
considered as a probable relevant TPCs to the abstract.
Hence, a set of probable relevant IPC are extracted.

4.3 Predicting IPC based on Taxonomies

The previous step considers only the syntactic analysis
to predict probable IPCs. However, it has limitations of
retrieving accurate IPC as it does not consider the seman-
tic relations. Therefore the IPCs by the steps mentioned
above are not considered as a final output, rather it is
considered as primary probable IPCs. Fig. 2 depicts the
overall flow of the methodologies.

At this point, we have taxonomy of IPC and the taxon-
omy of the Bag of Words (BOW) associated to IPCs and
we already get the probable IPCs. We have a bit seman-
tic (hyponym/hypernym) relations among features of an
abstract. To obtain more specific and accurate IPCs, we
consider a probable IPC as an anchor point of further
finding the more specific IPC. Starting from an anchor
IPC in the taxonomy, our system traverses towards the
ancestors, siblings IPCs, the descendants and the refer-
enced IPCs for finding the maximum availability of fea-
tures of the abstract. The possibility of being categorized
to an IPC is higher, if the more related features are found.
Among the cloud of IPC, the most specific one is the out-
put.

5 Experiment and Evaluation

We experimented considering the whole set of IPC cate-
gories, which included about 80,000 categories at section,
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class, subclass, main-group, and sub-group levels. We
considered more than one million preclassified patent doc-
uments. We used these preclassified patent documents in
the preprocessing stage of our system. Our system was
then applied against almost one thousand non-classified
research abstract to classify them . We obtained the total
dataset used for the workshop of NTCIR-7 held in Na-
tional Institute of Informatics during mid of December,
2008 in Tokyo of Japan.

The recall and precision of our system is depicted by the
recall-precision graph below (See Fig. 3):
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Figure 3: The recall-precision graph of our system, which
used a moderate number of test data.

6 Conclusions and Future Work

We introduces rare word reduction, x? based classifi-
cation and weight generation, association of the bag of
words to the taxonomy of categories, and the techniques
of extracting relation among features in our system. This
approach uses ontology of IPC. Using the semantic tech-
nology, our system retrieves relevant IPC quickly and effi-
ciently. Although our algorithm is still naive at utilizing
the essence of ontology effectively, locality of reference
helps the system run faster. We consider the whole set
of categories of IPC. The utilization of ontology of the
semantic technology is our novel approach in this field of
classification.

Our future target is to improve the phase of ontology
learning and to analyze and compare the results compre-
hensively with those of other systems.
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