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Abstract

In this paper! a simple classification model
based on a linguistic processing that produces
syntactic information, i.e. grammatical cat-
egories of words in documents, is described.
Moreover an experimental set-up able to dy-
namically support several tests of different ap-
proaches has been realized in order to get large
scale empirical evidences. The evidences for
this are discussed with comparative evaluation
against other alternative more complex models.

1 Definition of the Problem

Thematic text classification (T'C') is assuming an increas-
ingly relevant role, given the need of software systems
capable of intelligently accessing and using internal or
external available information resources. The classifica-

tion problem can be formulated as follows:
e Given a set of (possibly evolving) user needs ex-

pressed as a structure of topics/subtopics classes
e Given a variety of existing examples of these classes

%also referred as training data set (T'r)),
e Build a decision function able to upgrade the exist-

ing example repository with suitable new incoming

texts
Classes (C' = {C4,....,Cp}) are used to represents top-

ics/areas of interest. The decision function is asked to
map newly incoming documents (d) in one (or more)
class(es), according to their content.

The target classes are very heterogeneous according
to the different user needs. As an example, in the set
of Reuters categories we can find quite specific (e.g.
corporate industrial Ownership Changes or Advertis-
ing/Promotion) together with highly general classes (e.g.
Domestic Politics or Sport). It is often the case that doc-
uments dealing with specific information are also useful
to other (distinct) general topics. The relevance of this
information is a matter of judgment depending on the
providers of information as well as on the user himself.

Two main approaches to the construction of a non-
parametric classifier have been proposed and experi-
mented in literature [Lewis et al., 1996]. Profile-based
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(or linear) classifiers derive a description of each tar-
get class (C;) in terms of a profile, usually a vector of
weighted terms. These vectors are extracted from the
training documents pre-categorized under C;. This ap-
proach can be referred as category-centred classification.
Classification is thus the evaluation of similarity between
the incoming document d and the different profiles (one
for each class). Early profile-based classifier made use
of the vector space model ( [Salton and Buckley, 1988])
to define similarity, by switching from an information
retrieval to a text classification task.

Ezxample-based are other types of classifiers, in which
the incoming document d is used as a query against the
training data (T'r). Similarity between d and the docu-
ments in T'r is evaluated. The categories under which the
training documents with the highest similarity are cate-
gorized, are considered as promising classification candi-
dates for d. This approach is also referred as document-
centred categorization. An example in this class is the
k-NN algorithm used in the ExpNet system [Yang, 1994].

Main differences among different approaches to TC re-
late to the representation as well as to the classification
issue. The deeper is the information used in the rep-
resentation (from simple structural, morphological fea-
tures to semantic information), the more complex are
the functionalities needed for extracting them from tar-
get documents. It is in this area that natural language
processing can give its major contribution.

In this paper a profile-based classifier making use of
syntactic information of words is described. It is an ex-
tension of existing models as it includes a first level of
linguistic information (i.e. part-of-speech tags). In the
presented model an original similarity score as well as a
novel probabilistic inference method for the selection of
suitable classes are also introduced. Section 2 presents
the required formal definitions and discuss the original
aspects of the method. Section 3 discuss the results of
large scale experiments over a traditional test case (i.e.
Reuters).

2 A language-sensitive classification
model

The major role that linguistic information can play
in improving the accuracy of a statistical classification



model has been repeatedly stressed (e.g. [Lewis and
Jones, 1996]). Normalization, Semantic sensitivity and
Intelligent Clustering are among the recognized benefits.
Note that the rapidly evolving research in NLP made
available in the recent years a variety of methods and
tools for large scale language processing: part-of-speech
(POS) tagging ([Brill, 1992],[Church, 1988]) for exam-
ple is nowadays effectively used over raw texts with a
reasonable accuracy (about 3-4% error rate). Although
large scale NL semantic understanding is still an open
issue, the application of available linguistic methods to
text classification is worth to be systematically studied.

For these reasons, we tested the classification accuracy
of a system where a linguistic processor (i.e. a parser) is
firstly applied to documents and then a statistical clas-
sification model is used to decide. A set of training doc-
uments has been used as a basis for the development of
the statistical classifier: parsing is first carried out on
the learning data and the corresponding linguistic ev-
idence is used for training the classifier. In particular,
the adopted parser is CHAOS ([Basili et al., 1998]), a ro-
bust parser for Information Extraction that derives syn-
tactically annotated dependency graphs where nodes are
POS tagged words and links express the main grammati-
cal relations (e.g. subject, objects). Instead of modeling
a document in a vector of words (possibly pruned by
stopword lists), the availability of syntactic graphs sup-
ports representation in terms of:

e canonical word forms or lemmas, i.e. morphologi-
cally normalized words

o syntactically categorized words, i.e. couples
(lemma,PO0S_tag) expressing the different grammat-
ical roles of lemmas in the source documents

e phrasal information, like sentence fragments ex-
pressing relevant concepts (e.g. compound words
like artificial satellites).

e facts, in terms of subgraphs representing verbal
phrases, i.e. events specific to the application do-
main.

In the current tests only the first two forms of linguistic
information (i.e. (lemma,P0S_tag)) have been used, al-
though all of them are made available within the current
integrated system. The experiments described in section
3.1 are thus based only on a subset of the available infor-
mation and aim to shed some light on the study of the
impact of NLP in TC. In fact, the quality and degree
of improvement due to linguistic features are still under
discussion (e.g. [Lewis and Jones, 1996]) as their impact
is still to be fully demonstrated.

2.1 A simple profile-based classifier

The adopted model is made essentially of the following
distinct phases:

e Training, that uses a subset of the available data
to develop a synthetic description (i.e. profile) of a
given class

o Fvaluation, that takes a new document and esti-
mates similarity with profiles

e Classification, that decides the suitable classes for
the incoming document according to the similarity
scores.

2.2 The training model

The training method proceed_g by
e finding a representation d of a document d by means
of the set of terms ¢ that appears in d. Weights of
those terms are also included in the representation
e finding a representation of a class C; that sum-
marizes the representation d of all documents that
are positive instances of C; (i.e. those d such that
de C,)
It is worth noticing that the selected representations for
classes (C;) and documents (d) should easily support
the modeling of a similarity measure, able to express
adherence of a document to a class. Given a generic
document d;, € C;, let < t, @} > be the couple of the
word ¢ € dj, and its weight ) expressing the "relevance”
that ¢ assumes in d,. We can represent the document dy
with the following vector

dp =<< tl,@fl > < tkh:“‘_)thkh >> 1)

where t (k = 1,...,k) are all the words in the h-th
document.
The definition of the weights w} is the following:

op = (log%ffth @)

where
e N is training set size (i.e. the sum of occurrences of
all words in the training set)
e F; are the occurrences of word ¢ in the training set
e fl are the occurrences of word ¢ in the document
dn
In analogy with the representation of a document, the
following vector is used to represent a class C;:

éi =<< tl,wz1 >3"'3< tki’wzk- >> (3)

where t;, is a generic word appearing in at least one docu-
ment of class C}, i.e. tj is such that a document dj, € C;
exists with t; € dj. The maximum value of this in-
dex (i.e. k;) clearly depends on the class C;: some larger
classes have significantly higher values for k; and this has
to be taken into account in the definition of the metrics.
Weights w{ are defined by

) N )
wi = (log )T (@)

where F} is the occurrences of word ¢ in class i.
2.3 The evaluation model
The evaluation phase can be stated as follows:
e Given
— a document dj,, and its representation d_;;
— the set of classes C' = {C4,...,Cy}

— a representation of the C’s classes, i.e. the vec-
tors C; associated to the classes C;



e Build, by means of a function f(d), the vector of
real values < z1, ..., £, > in which x; expresses the
strength of the membership, i.e. how much dj ” be-
longs to” C;:

It is worth noticing that the value x; depends on both the
document dj and the class C;. Therefore to emphasize
such dependence it will be denoted by s;,. In the vec-
tor space model [Salton and Buckley, 1988], membership
degree of dj to C; is usually estimated by:

i~h

sin = cos(£(Cr, d)) = 2% (5)

|Cilldn|
The cosine of the angle between the representation vec-
tor of document d; and class C; is used as the "mem-
bership” score.
As the numerator of the scalar product is zero for each
word t that does not appear in the document, the corre-
sponding addends can be omitted. Moreover, the norm
of C; tends to penalize larger classes. Therefore we re-
define the C; norm as follows:

i ~h
sip = Ete(dhﬂc,-) wiwy
ith — = >
|Cilax dnlc:
where |4, is the norm in the subspace of words ¢ that
appears in the document dj. Equation 6 will be hereafter

used as the membership score of dj in class C;, and is
the i-th component of the f(dp) function.

(6)

2.4 Classification via Relative Difference
Score

In order to select the suitable classes for a document usu-
ally thresholding over s;;, is the widely adopted empirical
criteria (see [Lewis, 1992] for a comparative evaluation).
We defined a thresholding policy based on a probabilis-
tic treatment (empirical estimation from training data)
of the differences between membership scores. Instead
of the s;;, scores directly, a stochastic variable m;, ex-
pressing the average difference between the score of the
correct (i-th) class and the remaining classes, i.e.

D=1 Shi — Sk o
n—1

is used to control the decision. For each class, the
mean and standard deviation, denoted respectively as
E(m;) and StdDev(m;) of m; are estimated over all
documents dj in the training set. Given the vector
f(drn) =< Sh1y..., 8hn >, we assign dp to C; if its cor-
responding m; has the following property:

m; > E(m;) — a;StdDev(m;) (8)
where each «; is a threshold (empirically determined to
optimize recall and precision over the test data). Here-
after, this kind of inference will be referred as Relative
Difference Score (RDS). Note that the RDS classifica-
tion model is better suited to deal with those odd doc-
uments dj that are not similar (i.e. have low sp; val-
ues for each i) because they are quite ”different” from
the training documents. In the assumption that target

m; =

classes represent a closed world, the above method sug-
gests a ”try always to classify” principle: it is expected
to improve significantly the recall of the system keeping
satisfactory precision. Details on the evaluation are in
Section 3.1.

2.5 Main features of the method

Our model introduces two major differences with re-
spect to the traditional weighting strategy employed in
SMART ([Salton, 1991]). First, in equation 2, the In-
verse Word Frequencies (IWF = log(%)) is used in
place of IDF'. Its meaning is similar to IDF, as both
tend to penalize high-frequency (and less meaningful)
terms (e.g. be, have, ...). Another significant difference
with respect to SMART is the JWF' squaring in equa-
tions 2 and 4. In fact, the product IDFE}* was too
biased by the (global) frequency term F}*: in order to
balance the IW F' contribution its square is preferred in
eq. 4. A similar adjustment technique is proposed in
[Hull, 1994]. The result in our case was a 4% improve-
ment of the breakeven point.

A distinctive feature of our model relates to the thresh-

olding policy (Eq. 8). The tree main approaches to
thresholding are probability-based, fized and proportional
thresholding. Lewis has shown [Lewis, 1992] that none
of this is a clearly superior policy.
The RDS method we propose produces an improvement
of the breakeven point with respect to the policies dis-
cussed in [Lewis, 1992]. It is in fact to be seen as an
extension of proportional thresholding policy as it is esti-
mated over the training data. RDS is independent from
the document stream (i.e. the overall set of incoming
data) as it applies individually to documents.

RDS is expected to improve (and in fact it does) the
system recall, keeping the same precision if compared
with other policies. RDS is not influenced by the av-
erage membership scores of documents in the training
set (it is thus less biased by the training data). RDS
does not fix the number of classes (k) to be retained
for a document. RDS has been shown more effective
with respect to categories with different specificity. We
experimentally observed significantly different threshold-
ing rules (suggested by E(m;) and StdVar(m;) in Eq.
8) for classes with different specificity. RDS pushes for
a sort of closed world assumption: any document should
be classified in at least one of the target classes. Note
that it is also true for other policies. This trend is also
coherent with the application scenario where categories
represent the exhaustive set of user needs.

Equations 2, 4, 6, together with the inference rule 8,
characterize the proposed model. As the model has been
tested over a vector representation making use of linguis-
tic information (i.e. POS tags and lemmas), it will be
referred hereafter as the NL/RDS method. The em-
ployed syntactic categories for representing documents
and classes are only verbs, nouns and adjectives. The
result is a method where a number of words (i.e. func-
tional words like prepositions or conjunctions) are re-
moved from the representation.



3 Experimental Evaluation and
Discussion

The above model has been employed within the TREVI
(Text Retrieval and Enrichment for Vital Information)
system. TREVI | is a system for Intelligent Text Re-
trieval and Enrichment. TREVI ([Basili et al., August
1998))is a distributed system for text classification and
enrichment, designed and developed by a European con-
sortium under the TREVI ESPRIT project EP23311.
Reuters is a member of the Consortium and has been
used as a main ” User Case” for the released proto-
type. A specific subset of the classes (judged particularly
meaningful to the Reuters customer service) is currently
managed by the prototype. It includes 30 classes in dif-
ferent levels of the Reuters classification tree. For these
categorization task, we received 29,026 manually clas-
sified documents. Cross validation has been run using
90% of the overall data as training and testing on the
remaining portion. Precision, Recall and the Breakeven
point (when significant for comparative purpose) have
been used as performance indexes.

3.1 Models and Experiments

In Section 2.5 we outlined that the NL/RDS clas-
sifier introduces three major changes with respect to
the SMART model: the use of syntactic categories for
lemma, a weighting factor (squared IW F’) and the RDS
classification rule. For these reasons we used SMART as
a baseline of our model. Two different tests have been
run to evaluate the performance of the presented model
focusing on the newly introduced features.

In Table 1 the breakeven points of the NL/RDS clas-
sifier with respect to the SMART model is reported.
Both statistical models have been run over the out-
put of the linguistic processor (i.e. POS tagged lemma
found detected in document). The SMART model
has been run using two different classification rules:
SMART+k-best adopts the fixed thresholding policy,
while SMART+RDS has been implemented by the rel-
ative difference score (Eq. 8). The only difference be-
tween NL/RDS and SMART+RDS is the weighting
factor (see Eq. 2 and 4).

Table 1: Classification Accuracy

SMART+k-best

SMART+RDS NL/RDS

Breakeven
Point 63% 72% 76%

We can observe that the squared IW F' improves per-
formance of 4% on the breakeven point, due to the square
operation that gives more relevance to the IWF (first
weight factor) than to term frequency (second weighting
factor). IWF is used in place of IDF because is more
easily computed from the corpus.

The first column in Table 1 reports the SMART+k-
best model. Comparison with the second column sug-
gests that the RDS classification rule brings an incre-
ment of about 9%.

It is worth noticing that, as the RDS rule depends
on the different classes C;, the exact measure of the
breakeven point requires a 30 x M experiment matrix:
M is the number of samples required to detect the
breakeven. Values in Table 1 have been derived by poly-
nomial approximation over a smaller number of runs.

Finally, Table 1 suggests that the NL/RDS method,
whose implementation is very simple if compared to
other classifiers (e.g. [Yang, 1994]) has a relatively good
performance. In order to better evaluate it, a second test
has been carried out focusing on the effects of syntactic
information on the classification accuracy.

In Table 2 the NL/RDS model is run in four dif-
ferent ways. RDS is the model based on just lemmas,
without taking into account the syntactic categories.
NL/RDS+Adj and NL/RDS-Adj are runs where only
adjectives and, respectively, only nouns and verbs are
used. The second column NL/RDS reports precision
and recall of the overall method without any missing
syntactic information. According to the TREVI require-
ments, the empirical threshold (a;) have been selected
in order to optimize recall rather than precision. False
negatives are in fact more dangerous than false positives
for the customers of an information provider.

Table 2: Syntactic Information vs. Classification Accu-
racy

NL/RDS NL/RDS

RDS NL/RDS  +Adj -Adj
Rec. 83.02%  83.70% 59.18% 83.01%
Prec. 70.56% _ 70.86% 51.89% 70.83%

The result shows that syntactic categories seem not
to influence too much the accuracy of the system (only
.7% improvement on the recall and .3% on precision). In
order to study this phenomenon the distribution of lem-
mas and their syntactic categories has been studied in
the training data. Results are reported in Table 3. N, V
and A describe the number of (lemma,P0S_tag) couples
where POS_tag is one of the classes noun, verb and ad-
jective respectively. Total is the number of couples and
Lemma is the number of different lemmas in the training
corpus, obtained by disregarding the POS information.
As a result the number of really ambiguous lemmas (e.g.
nouns that appear in the training data also as verbs or
adjectives) is only 4, 089.

Table 3: Syntactic Information in the training data

N Vv A Total
24,428 8,869 7,861 41,158
Lemmas Ambiguous

Lemmas
37,069 4,089

However, the role of syntactic information is outlined
by the comparison of the second column in Table 2
with the third and fourth. The performances of the
model that uses only adjectives (i.e. NL/RDS+Adj)



is very poor: this suggests that different syntactic cat-
egories bring very different contributions to the classifi-
cation accuracy. When adjectives are not used for clas-
sification the precision and the recall are very near to
the NL/RDS case. Note that the breakeven point of
NL/RDS-Adj (in Table 1) is near to the value of the
NL/RDS model, as a further evidence of the low contri-
bution of this syntactic class of words. Intuitively adjec-
tives do not capture relevant information, as they appear
uniformly distributed among all the texts. The result in
the third column of Table 2 is a dramatic reduction of
performance (about 20%). Note, however, that adjec-
tives are only the 19% of the corpus lemmas.

4 Conclusions and Open Problems

In this paper, a simple and efficient profile-based clas-
sifier has been described. The main features of the
proposed approach are the use of linguistic information
(i.e. lemmatization and part-of-speech (POS) tagging)
as source information for document and class represen-
tation, a specific weighting model and an original tech-
nique for the classification inference (Relative Difference
Score, RDS). The experimentation has been carried out
within an integrated prototype (called TREVI) over the
Reuters classification case. The overall breakeven per-
formance of the model is 76%. The weighting policy and
the classification rule have been shown to produce an
improvement of about 0.13 in the breakeven point with
respect to the baseline SMART system. Data show also
that RDS classification alone produces an improvement,
of about 9% within the simple SMART model. Tests on
the role of syntactic information show a little improve-
ment in the overall accuracy (only +0.7% on the recall
value when using POS categories). Although this result
is not striking a significant difference is measured in the
role of different syntactic categories on accuracy. This
suggests that a better use of them (e.g. a more com-
plex membership scoring function using a combination
of functions over different categories) could result in a
stronger impact on accuracy. Furthermore the availabil-
ity of parsing information support a variety of extensions
(e.g. from syntax-driven term clustering to semantic in-
dexing).

For its simplicity and efficiency (complexity is O(1)) in
the document classification phase, the model is promis-
ing from a user-oriented point of view: portability and
robustness are key features for automatic text classifica-
tion on large scale.

Further experimentations is on going to test the effects
of the RDS technique within other classification models
(e.g. the k-NN system). Although we do not expect a
corresponding 9% improvement (as for SMART), even a
little improvement for an already effective system would
be relevant.

The NL/RDS model is the first step towards a truly
language sensitive system making full use of the linguis-
tic information available after parsing. Although ques-
tions about the role and effectiveness of grammatical in-
formation in classification have not been answered dur-

ing this first phase of experimentation, (linguistically)
richer representation forms and better statistical infer-
ence can be supported in the current integrated system
and this will be a relevant research area for our future
work.
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