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Abstract

This article illustrates a statistical approach based on Hidden Markov
Models (HMMSs) which faces the problem of generating automatically
stemmers. The proposed approach ensures little effort so as to insert
new languages on the system even if little linguistic knowledge is avail-
able. This is an advantage that becomes crucial especially for Digital
Libraries which are often constructed for a particular institution or
nation, and can manage a great amount of documents written in more
local languages. The evaluation described in the paper shows that the
stemmers implemented by means of HMMs are as effective as those

based on linguistic rules.

*This is an extended and revised version of Melucci and Orio’s paper (2003) — new

information and experimental results have been reported in this version.
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1 Introduction

The aim of a textual information retrieval (IR) system is to retrieve docu-
ments relevant to the end user’s information need expressed through a tex-
tual query. To achieve this goal, the system matches the semantic content
of the documents with the query content. In general, matching document
content with query content is a difficult task especially for non-textual docu-
ments or queries because of the difficulty of assigning a meaning to document
or query features. For textual documents and queries the task is made easier
than for non-textual ones because meaning can be inferred for terms and the
system just matches the inferred meaning of each document term with the
meaning of each query term. A simple but effective approach for matching
term meanings is based on the comparison of term forms — the hypothesis is
that if two terms have similar forms then they might have the same mean-
ing. However two drawbacks occur; two terms with similar forms can have
different meanings (polysemous terms) or a meaning can be implemented by
terms with different forms (synonymous terms). Different techniques have
been proposed to address term ambiguity — many of them rely on complex
and effective query modification techniques (Efthimiadis, 1996). Simpler
but still effective methods can be applied if words that have similar mean-
ing share the same root, or stem; e.g., for computer and computing that are
derivations to the verb to compute.

Stemming is the task of finding the string that represents the stem of a
word. Stemming is commonly carried out by IR systems to conflate different
word forms together so that they might refer to the same meaning. This
way stemming allows the system to retrieve those documents that do not ex-

actly match query words, but that have word stems that match query word



stems. Stemming then boosts retrieval effectiveness if the words with a com-
mon stem share a similar meaning. On the other hand, overstemmed words
with different meanings can be conflated; e.g., the stem comp is shared by
computer and company. From a human-computer interaction point of view
the use of a stemmer is intuitive to many users, who can submit the query
to the system using a specific word without worrying about variants and
inflections. Yet, presenting stems to the user may be disturbing if deriva-
tional suffixes are removed, therefore the user should be always provided
with whole words, while the system is processing stems.

The design of a stemming algorithm may follow either a linguistic ap-
proach using prior knowledge of the morphology of the specific language, or
a statistical approach using some methods based on statistical principles,
which infer the word formation rules of the language for which the stemmer
is developed. It is evident that the effectiveness of the linguistic approach
depends on the availability of linguistic resources and know-how. However,
a linguistic knowledge-based approach implies manual labor that has to be
done by experts in linguistics — as a matter of fact, it is necessary to for-
malize the word formation rules, which is a difficult task especially for those
languages whose morphology is complex.

The linguistic approaches to stemming are made more difficult in a mul-
tilingual context than in a monolingual one. Therefore the retrieval of doc-
uments written in more languages may be quite mature only if enough lin-
guistic knowledge is available. “The technology has been developed and
proved in the context of languages with many speakers, e.g., English, Span-
ish, French, German, Chinese, and Arabic. One challenge now is developing
ways to very quickly (a few weeks) and inexpensively (a few person-weeks)

find/create data for languages where resources are minimal today” (Allan



and Croft, 2003). Stemming algorithms based on statistical methods ensure
little effort so as to insert new languages on the system even if little linguistic
knowledge is available. This is an advantage that becomes crucial especially
for IR applications, like the search services of Digital Libraries which are
often constructed for a particular institution or nation, and can manage a
great amount of documents written in more local languages.

This article illustrates a statistical approach based on Hidden Markov
Models (HMMs) which faces the problem of generating automatically stem-
mers. The generated stemmers detect the most probable stem for any input
word in an inflectional language whose words are sequences of symbols drawn
from an alphabet. The method is fully automatic because a HMM imple-
ments an algorithm that is then used as stemmer. A negligible amount
of work is devoted to design a simple graph representing the structure of
a finite-state machine that generates words in the language for which the
stemmer is needed. The article also presents an exhaustive evaluation of
the generated stemmers. By using five mono-lingual collections of different
languages, the approach is to compare the stemmers with those commonly
used by the operational or experimental IR systems. Statistical testing is ap-
plied to the evaluation measures to assess the significance of the differences
between different stemmers. The evaluation gives clues about the average
performance over a dozen queries and hundreds thousand documents for
each collection. An analysis and observation carried out using the queries
as statistical units showed the largest differences between stemmers perfor-
mance thus revealing the factors that affect retrieval performance.

The paper is structured as follows. Section 2 describes the previous
contributions to the research on stemming, whereas our contribution is de-

scribed at an intuitive level in Section 3. HMMs are explained in Section 4



at tutorial level to make the description of the methodology clearer in Sec-
tion 5. The results reported in Section 7 are of the experiments carried out
using standard test collections for five different languages, as illustrated in

Section 6. The findings and our reflections are discussed in Section 8.

2 Previous Contributions

The research on automatic tools for reducing a word to its stem dates back to
the Sixties when the early stemmers were proposed and experiments were re-
ported to assess their impact on retrieval effectiveness (Frakes, 1992). Since
then it has been clear that the degree to which stemming is effective depends
on the collection and specifically on the vocabulary used by the IR system.
Furthermore the early research showed that the reliability of the results on
stemming effectiveness depend on the quality of the experiments. A rigor-
ous analysis requires the use of large test collections and the performance
of deep analysis of the retrieval results in terms of statistical significance
testing and analysis at query-level (Hull, 1996).

The past literature reported two main approaches to stemming. An
approach is strongly based on linguistic sources and methods, like lexicons or
rules aiming at detecting word derivations. The other approach makes use of
statistical methods, such as information theoretic measures or co-occurrence
measures. Linguistic knowledge-based stemming algorithms have been often
used to implement systems and to carry out experiments while statistical
stemming algorithms have been less frequently tested, maybe because of the
little clear advantage in terms of effectiveness. The “S” stemmer, which
is a stemmer that reduces plural words to singular words, is an example

of well-known algorithm based on linguistic rules, and in particular on a



suffix removal paradigm. The stemmers proposed by Porter (1980) and by
Paice (1990) for English have been implemented and are available at (Porter,
2003) and (O’Neill and Paice, 2004). Another famous stemmer is by Lovins
(1968).

Despite its theoretical effectiveness, the performance of stemming has
often been debated by researchers. Most of the experiments were carried
out by measuring retrieval performance in terms of precision and recall,
while few of them considered other parameters, like the degree to which two
words which share the stem have the same meaning; and the previous re-
search seldom reported a detailed query-by-query evaluation to understand
why stemming performs well or badly. An example of detailed analysis is
reported by Hull (1996) for English. When stemming has been evaluated
using precision and recall some researchers observed that stemming influ-
ences little the overall performance of an IR system. This outcome is quite
surprising if compared with the reason why stemming is employed in a re-
trieval setting, but it may be explained by the relatively simple morphology
of English which was the language of the early test documents. This sug-
gests that stemming effectiveness may depend on the language and that the
design of a linguistic knowledge-based stemmer for a language might be a
useless exercise for some languages, while it might be worth for others.

Harman (1991) reported some experiments conducted to assess the re-
trieval performance of stemming using Porter, Lovins and the “S” stemmer.
She pointed out that none of the tested stemmers significantly improves the
overall performance of a system which retrieves documents from three test
collections: Medlars, CACM, and Cranfield. However the limited effective-
ness of stemming was not the only result of Harman’s and it would appear

discouraging if it were taken without further analysis. Indeed Harman high-



lights that some queries showed an improvement and some others did not.
In particular the number of queries which showed improvements in perfor-
mance after 10 retrieved documents is nearly balanced by the number of
queries which showed degradation in performance. If the top 30 retrieved
documents are considered instead, the number of queries which showed im-
provement is higher than the number of queries which showed degradation.
This result suggested that stemming should be used depending on the query
and on the number of documents examined. To test the first hypothesis
term re-weighting and term selection were added to the basic algorithm.
However the result was still negative. The main reason why stemming did
not help to improve the performances was the noise added by the stemmed
words, despite the modifications made to the basic algorithm. Besides the
rigorous experimental methodology, Harman’s study was limited by the lack
of large test collections, which have been made available from the beginning
of the Text REtrieval Conference (TREC) program.

More recent studies were carried out with larger English collections and
reported for example by Hull (1996). These studies were conducted using
the TREC document sets and showed that stemming does not degrade per-
formance across different collections, and that a stemmer for English could
be an effective device. However Hull’s experiments showed that stemming
is little beneficial when (i) queries are long and (4) very few documents are
examined. As regards the first case, stemming adds as much more noise as
longer the query is since each stemmed query word is matched with one or
more variants that might have different meanings. As regards the second
case, it should be noted that stemming helps to increase the ranks of the
documents that match variants but the documents that exactly match the

query word are likely to remain at the top ranks even when stemming is



applied. On the contrary stemming can be effective if queries are short and
need to be expanded, or when the user wants to retrieve more relevant doc-
uments, then additional matches between queries and documents have to be
found. As a consequence a stemmer should be used in a more “intelligent”
way: if a query is short or the user looks for more documents, stemming
should be automatically performed. It is important noting that these results
are valid for English only — each language has its own characteristics and
stemming is strongly influenced by these characteristics.

Once when other languages came on the scene of IR, some researchers
started to apply linguistic knowledge-based stemming which was proved ef-
fective for English to Spanish, French, German, Italian, and so on. Examples
of experiments are reported by Savoy (1999) for French, Popovic and Wil-
lett (1992) for Slovene, Kraaij and Pohlmann (1996) for Dutch, Braschler
and Ripplinger (2004) for German, and Bacchin et al. (2002) for Italian. As
stemming is strongly influenced by language characteristics, ad hoc stem-
mers had to be developed for each language — except for the stemmer by
Bacchin et al. (2002). What is important with other languages, like Italian,
Arabic or French is that they are more complex than English, and their
words have much more variants than English words. Therefore the chance
that a document is missed because its words do not match a query word is
higher. Moreover the impact of effectiveness of stemming is magnified by
the size of the query and by the number of the documents wanted by the
end user. A glaring example is Arabic which is a highly inflected language
because of the use of infixes other than suffixes and prefixes Larkey et al.
(2002). Experiments for Arabic IR are also reported for example by Aljlayl
and Frieder (2002) and Abu-Salem et al. (1999) who showed that stemming

is always beneficial for retrieval effectiveness. Any method like stemming



that aims to expand the query to capture the missed relevant documents
has a high probability to succeed and Arabic IR does benefit a lot from the
use of a stemmer.

Statistical methods for natural language processing is a well-established
field — for a comprehensive overview on this subject, see (Manning and
Schiitze, 1999). Similarly to other natural language processing methods,
stemming has been addressed using statistical approaches to overcome a
number of problems of the linguistic knowledge-based approaches: The main
problem is the fact that a stemmer is related to the language for which it is
developed. Even though most algorithms were based on linguistic sources
and methods, the investigation of statistical stemming algorithms is not re-
ally recent, on the contrary it was a research carried out since the early
Seventies since the cost of the labor work which is necessary to build a
stemmer was recognized as a disadvantage. In recognizing the possibility
that statistical methods can perform as effectively as linguistic knowledge-
based approaches, Hafer and Weiss (1974) proposed stemmers that attempt
to determine word and morpheme boundaries using large vocabularies and
then decide the prefix which is the most plausible stem. Another example is
given by Adamson and Boreham’s research Adamson and Boreham (1974);
for each word the number of unique digrams is computed and then the sim-
ilarity between every pair of words is calculated in terms of the number of
common digrams. Similarity values are used to cluster together words with
a high number of common digrams. The experiments showed that clustered
terms tend to be related; as the words that share a common stem are likely
to be related, this approach is useful to automatically stem words with-
out using linguistic rules. More recently Hull (1996) showed that linguistic

knowledge-based approaches to stemming seems not to increase retrieval
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effectiveness compared to those approaches which employ little linguistic
knowledge. Similar conclusions were drawn by Savoy (1993) and Krovetz
(1993), which used much more linguistic knowledge such as dictionaries and
rules. This finding suggests that statistical methods for stemming can be
tailored to different languages and produce good results. However a great
deal of caution should be paid because statistical approaches might not work
as effectively as those based on linguistic knowledge for some very highly in-
flected languages like Arabic (Larkey et al., 2002).

Besides being methods to produce good stemmers, statistical methods
also help to refine stemmers based on linguistic knowledge: for example
when a word is overstemmed and then leads to a stem that corresponds to
words which have a different meaning. Following this idea, Xu and Croft
(1998) presented useful methodological tools to implement effective stem-
mers that are independent of the language and employ statistical methods
to refine stemmers and then improve retrieval effectiveness. Xu and Croft
proposed a corpus-based stemming to refine the equivalence classes built by
a stemmer — an equivalence class is formed by all the words that result in a
common stem. In their research corpus-based stemming refers to splitting
equivalence classes so that words that result in a common stem also result
in a common meaning where the degree to which two words have a common
meaning is estimated by the extent to which they co-occur within the same
document fragments. Xu and Croft’s interesting result is that their corpus-
based stemming can work effectively even if the initial equivalence classes
are formed by a trigram extraction algorithm — two words are in the same
trigram equivalence class if they share the first three characters.

Other approaches or applications were recently investigated. Larkey

et al. (2002) exploited Xu and Croft’s methodology to design a stemmer for

11



Arabic. The research by Goldsmith (2001) yielded a information theoretic
measure to select groups of prefixes and suffixes which co-occur together —
this way a derivation (suffix) is associated to its stems (prefixes). Bacchin
et al. (2002) exploited the mutual reinforcement relationship between pre-
fixes and suffixes — a stem is a prefix that is followed by derivations, a
derivation is a suffix that is preceded by stems. Using an algorithm similar
to the procedure presented by Kleinberg (1999), Bacchin et al. were able to
compute the scores that measure the degree to which a prefix is a stem and
the degree to which a suffix is a derivation. The experiments showed that
stemmers based on this mutual reinforcement relationship perform as effec-
tively as Porter’s stemmers for different languages and large test collections.

The variety of approaches and results is apparent to the reader. The
abundance of evidence is the positive side-effect of the fact that stemming
has been a research subject for decades. Most of the approaches and of the
experimental results are based on linguistic knowledge which is sufficient to
implement stemmers for widely used languages. Little used languages suffer
the lack of linguistic resources, which make the development of stemmers
harder. Statistical methods would be of help, yet few results for statistical
approaches to stemming are available.

However, it is not always true that linguistic approaches requires much
effort to develop stemmers; stemmers that normalize feminine and mascu-
line, or plural and singular, like the the S-stemmer, are some examples, but
it is also true that these stemmers can be used for a language or very few
languages at a time — the S-stemmer cannot be used for Italian because there
are no words ending with “s”. The HMM-based stemmers proposed in this
paper are designed to be used for any inflectional language where there are

a significant number of words for which suffix stripping does make sense.
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It is believed that additional research on statistical approaches to stem-
ming are necessary to accomplish the design and development of systems
that retrieve documents written in one or more out of the hundred languages
in the world. Our contribution is proposed towards this goal as explained

in the next sections.

3 Owur Contribution

The goal of this paper is to describe a methodology to generate automatically
stemmers. A statistical approach which allows to model the generation
of words, and specifically of stems and derivations has been adopted. It
should be clear that (i) our research concentrates on the class of inflectional
languages whose words can be seen as the concatenation of a prefix and a
suffix, and (ii) the prefix-stem-suffix structure has been simplified to the
prefix-suffix structure, i.e. a stem is the prefix which results from a correct
suffix stripping.

In the following, derivation and suffix are used exchangeable way. Even
though “derivation” also means a process, it was preferred to keep that term
as distinct in order to stress that the suffix-derivation has been extracted
from a word which has been correctly stripped — the latter being the process
of derivation. The “ambiguity” was wanted to evoke that a suffix correctly
stripped from word is the result of a derivation. Our stemming approach
must only remove suffixes. We are aware that the middle of a word may
change due to the syntax: however, our interest was not in linguistically
correct stemming, but in effective stemming from an IR point of view.

The proposed methodology can be described in an intuitive manner as

follows: Let us view a perfect stemmer as a machine that produces words
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in a language known in advance. The stemmer is called “perfect” because
it correctly strips suffixes, i.e. first it emits the stem and then emits the
derivation. The machine is almost completely unobservable because the
detailed way it works is unknown. Yet three facts are supposed to be known:
(i) the machine performs a sequence of steps and it generates a letter at each
step; (i) the machine first produces the stem and then the derivation, and
(77) the language in which the words are generated by the machine is known.

Therefore the machine is assumed to consist of two components: the
prefiz-set component generates the prefix of the word that approximates
the stem; the suffiz-set component generates the suffix of the word that ap-
proximates the derivation. A split point occurs when the machine switches
from the prefix-component to the suffix-component. The problem of stem-
ming a word then reduces to discover the most probable symbol of the word
at which the split point occurs.

As described in Section 5, the most probable sequence depends on both
the sub-sequences performed by the prefix-component and the one performed
by the suffix-component. This sequence depends on the synergy between
the two components and, thanks to this synergy, it is the most probable
one even if the sub-sequence performed by the prefix-component, or the one
performed by the suffix-component are not the most probable.

In order to model this machine, a class of probabilistic models called
Hidden Markov Models (HMMSs) can be exploited to model this machine,
because they well represent the intuitive view of the stemmer. HMMs are
particularly suited to model sequences of observations that depend on the
evolution of an unknown, underlying process. Thus the machine is modeled
with a suitable HMM which is in turn made of two components. Well-known

algorithms are performed in order to have an estimate of system evolution
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when prefix and suffix are generated, and to make a decision on how to
stem a word. The next two sections present a general overview of HMMs

and their application to stemming.

4 Hidden Markov Models

HMMs are powerful tools which have been successfully applied to differ-
ent research domains, where it has been needed to model or to recognize a
sequence of observations. The two well-known applications of HMMs are au-
tomatic speech recognition (Rabiner and Juang, 1993), where sequences of
spoken utterances are modeled to recognize complete words, and biological
sequence analysis (Durbin et al., 2000), where sequences of aminoacids or
proteins are modeled for a number of bioinformatics applications. Further-
more, HMMs have been also applied to handwriting recognition (Nishimura
et al., 1999), automatic music accompaniment (Orio, 2001), and fault de-
tection (Smyth, 1994).

HMDMs are probabilistic finite-state automata, where transitions between
states are ruled by probability functions. Transition probabilities are as-
sumed to depend only on the present state and not on past state transitions,
that is why HMMs are “Markov” models. The presence of transitions with
probability equal to zero defines a topology of the HMM, which limits the
number of possible paths across the states. At each transition, the new state
emits a symbol with a given probability. Only symbols can be observed, that
is why HMMs are “hidden”. Also emission probabilities are assumed to de-
pend only on the present state and not on the history of previous state
transitions and emissions.

Given a set of N states Q = {q1,¢2,...,qn}, and a sequence of observa-
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tions O = {01,09,...,0r} from time 1 to time 7', a HMM X is completely
defined by:

e An initial state S and a final state F'.

e A probability distribution for state transitions A = {a;;}, where a;; =
Plg;j(t + 1) |g¢;i(t)] is the probability to go from state i to state j in a
single step; usually also self-transitions are allowed, that is a; > 0.
The probability distribution is independent of time ¢ and of previous

history.

e a probability distribution for state emissions B = {b;(k)}, where
bj(k) = Plo; = k|q;(t)] is the probability of emitting symbol k from
state j. The probability distribution is independent of time ¢ and of

previous history.

Both A and B undergo the stochastic conditions that at each time step
the HMM has to perform a transition and it has to emit a symbol, that
is the transition probabilities from state i to all the states, as well as the
emission probabilities of state 4, must sum to 1.

An example of applications of HMM can be done considering them as
generators of words in a given language. The observation space is then the
alphabet used in that language. The HMM starts at the initial state and, at
each time step, it performs a transition to another state emitting the first
letter of the word, then it goes on performing transitions and emitting the
following letters, until it reaches the final state. It has to be noted that this
approach does not apply to languages that are not based on an alphabet,

like Chinese or Korean.
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Figure 1: Two simple HMMs for generating sequences of letters.

A simple HMM is depicted in Figure 1[a]. The HMM has four states:
the initial state S, the states ¢; and ¢9, and the final state F. In this
example and in the following, it is assumed that the initial and final state
emit respectively the left and right boundary of a word with probability
equal to 1, while states ¢; emit letters of a known alphabet with different
probability distributions. As an example, let us assume that ¢; has a high
probability to emit a vowel, while state ¢o has a high probability to emit a
consonant (anyway the probability that state ¢; emits a consonant is higher
than zero, and vice-versa). According to the statistics on a given language,
transition probabilities ag; and ags correspond to the probabilities that a
word begins with a vowel or a consonant respectively, a2 is the probability
that a vowel is followed by a consonant, .1 is the probability that a word
ends with a vowel, and so forth. The HMM starts at S, it performs a
transition either to state q; or to state ¢z, which emit a symbol according
to their probability functions, and it performs new transitions until the final

state is reached. Though simple, the model is hidden, because the same
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word can be generated by different paths among the states; for instance, a
word can be generated by continuously staying in state q;. Intuitively, there
are paths that more probably correspond to a given word, due to the fact
that states ¢; and ¢o have different probability distributions for transitions
and emissions.

The example highlights that an observed sequence, a word, can be con-
sidered as the instance of one underlying process, the HMM, whose exact
behavior may be unknown. Moreover, it was assumed that the HMMs were
completely defined, that is all the probability distributions were set in ad-
vance, which is not usually the case. The disclosure of the hidden process
and the setting of probability distributions are typical problems of HMM,

which can be summarizes as follows:

1. Given a sequence of observations O and a HMM ), find the sequence
of states ¢ = ¢(1)---¢q(T) that more probably correspond to O; e.g.,
the sequence that maximizes P(q(1)---q(T)|O,\).

2. Given a set of observed sequences Og, find the parameters \ = [A, B]
that more probably would generate the set of observations; e.g., the

parameters that maximize P(Og | ).

A solution for the first problem, which is usually addressed as decoding,
is Viterbi algorithm (Viterb, 1967). Going back to the model depicted in
Figure 1[a], decoding allows for finding the path across states ¢; and g2
that more probably generated a given word. A solution for the second
problem, which is usually addressed as training, is based on the Expectation-
Maximization (EM) algorithm (Baum, 1972) that allows us to automatically

set HMM parameters from a sample of observed sequences. A comprehensive
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introduction of HMMSs and their application to decoding and training can
be found in (Rabiner and Juang, 1993; Durbin et al., 2000).

With the aim of describing both decoding and training at an intuitive
level, a third HMM for word generation can be considered, which is de-
picted in Figure 1[b]. The HMM parameters are not known and have to be
computed from a set of examples. As it often happens in speech recogni-
tion and in other application domains, some of the transition probabilities
can be set to zero in order to impose a given topology to the model be-
fore training the other distributions, which is the reason why only a subset
of transitions are drawn in Figure 1[b]. If the HMM is trained with a set
of English words, the distribution for the emissions is expected to be dif-
ferent for the three states, in particular: b;(-) will depend on the relative
frequency of initial letters in English words, for instance b;(t) > bi(e) even
if letter “¢” is much more frequent than letter “t”; ba(-) will simply ap-
proximate the relative frequency of letters in English, because ¢2 is the only
state that may perform a self-transition and all the letters in the middle
of a word have to be emitted by this state; b3(-) will depend on the rel-
ative frequency of final letters, that is bs(s) will be much higher than all
the others due to the way plurals are usually made in English. The only
transition probabilities that need to be set are ago, which will be related to
the probability of having the first letter of a word a frequent letter, and aso,
which will mainly depend on the average length of English words; all the
other transition probabilities follow the axioms of probability theory. Like
the other two HMMs of Figure 1, this HMM can generate any sequence of
letters, each one with a different probability. It is more interesting for our
aims that, for a given words, different paths among the states are possi-

ble. The most probable path can be computed through Viterbi algorithm;
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for example, the word “tees” can correspond to the four alternative paths
[S92929292F; Sq142q2q2 F'; Sq1G2q293 F'; Sq2g2q293 F], but the third one has a
higher probability of being the one that generated the word.

The examples in Figure 1 have a limitation that has been already men-
tioned: they can generate with a high probability nonsense words made of
repetitions of frequent letters. This limitation can be partially overcome by
introducing more constraints on the state transitions, as shown in Section 5

(Figure 2 and Figure 4).

5 Methodology

After introducing HMMs and their applications to word generation, we scope
can be extended to word stemming. Our goal is to develop a HMM that
can be used to simulate the evolution of the perfect stemmer. To this aim,
a HMM is designed where normal states are divided into two disjoint sets:
the prefiz-set and the suffiz-set. The initial state S and the final state F'
do not belong to any of the sets. As for the simple HMM presented in the
previous section, all the states emit the letters of the alphabet of a given
language, while the initial and the final states emit respectively the left and
right word boundaries with probability equal to one. As with the perfect
stemmer, the prefix-set generates all the possible stems and the suffix-set
generates all the possible derivations of a given language. For many Indo-
European languages, there are some conditions that can be imposed to the
HMM topology according to a number of assumptions that can be made.

These conditions are represented in Figure 2 and listed in the following:

e the initial state may perform a transition only to a state in the prefix-

set —i.e. a word always starts with a stem;
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e the states in the prefix-set may perform a transition to any state in
the HMM - i.e. a stem is formed by a sequence of letters possibly

followed by a derivation;

e the states in the suffix-set may not perform a transition to states in
the prefix-set, while transitions to states in the suffix-set are allowed
—i.e. a word is the concatenation of a single stem followed by a single

derivation, which is a sequence of letters at the end of the word;

e the final state can be reached from states belonging to both the prefix-
and the suffix-set — i.e. a word can be made either by a stem only or

by a stem followed by a derivation.

Let us assume that, for a language L, all the parameters of the HMM
Ar are defined, that is for all the N state transition probabilities a;; and
emission probabilities b;(-) are set, and let us apply the HMM in Figure 2
to the generation of a word, the generation of words is carried out as in the

examples provided in Section 4.

prefix—set ' suffix—set !
splif—point

Figure 2: Modeling of word generation as the concatenation of two disjoint

sets of states of a HMM.

As usual, the process of word generation is hidden, because the state
sequence which corresponds to the generation of a word cannot be observed.

Yet it is possible to compute the most probable path with decoding. For
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the aims of word stemming, it is not important to discover the complete
path across the HMM states, because the only important transition is the
one that exits the prefix-set towards either the final state or the suffix-set.
We define this transition the split point between stem and derivation, as
highlighted in Figure 2. Hence, stemming can be carried out through the

following steps:

e pick up a word O = 01 - - - or from a text written in a known language

L;

e consider the HMM \p, for language L and compute the most probable
path across its states, § = argmaxP(q(1)---q(T)|OAL);

e find the only transition ¢ that goes from a state gx(¢), with ¢ in the
prefix-set to a state ¢;(¢ + 1), with j in the suffix-set — if there is no

such a transition the word is already a stem;

e take the substring from letter 1 to letter ¢ as the stem, and the sub-

string from letter ¢t + 1 to letter T" as the derivation.

In the previous discussion the HMM parameters were all set, but this is
an unlikely assumption. The manual computation of transition and emission
probabilities for the two sets, as well as the transition probabilities from the
prefix-set to the suffix-set, is unfeasible because it would require too much
human labor. As for all HMMSs, the problem of parameter setting can be
overcome by training. The first approach could be to create two training
datasets, one with examples of stems, and the other with the examples
of derivations, and train separately the two corresponding sets with the

classical EM algorithm. But this way the complete information about the
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actual words of the language which are formed by the stems and derivations
would be lost. A second approach could be to use a single dataset, which
contains manually stemmed words, and train the complete HMM using a
slight modification of the EM algorithm to take into account that the split
point has to correspond to the change from stem and derivation in the given
example. Yet, both approaches require extensive human labor to provide a
reasonable variety of examples for the training data.

Since our goal is to develop stemmers for different languages minimizing
the amount of human labor, an unsupervised training of the HMM is pro-
posed. The dataset used to train the model is a sample of the words of the
language for which the stemmer is developed. For instance, words can be
taken at random from documents that are available at indexing time. It can
be noted that an unsupervised training does not guarantee that the prefix-
and the suffix-set maintain their specialization in generating the stem and
the derivation of a word. Hence the computation of the split point of the
most probable path ¢(1) - - - ¢(T') across the states may not coincide with the
correct stemming of a word. With the aim of creating such a relationship,
more knowledge about the rules of word generation in European languages
can be injected.

First let us assume that, for each language, the number of different
derivations is small compared to the number of different stems. The set
of derivations can be thought as the set of sequences of letters that can
be modeled by chains of states of the HMM. Hence a particular topology
of states in the suffix-set is designed, which can be made of a number of
chains of different length. An example of the topology of a suffix-set is
depicted in Figure 3, where it can be noted that: transition from the prefix-

set can be made only to the first state of each chain; states in the chain can
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only perform a transition to the next state, thus the path advances with
probability one once it enters the chain; the last state of each chain can only
perform a transition to the final state. The maximum length of state chains
gives the maximum length of derivations that can be modeled by the HMM.
Since no assumption is made on the prefix-set, as a first approximation its
topology can be created using one or more states that are fully connected.

After the definition of the topology of the suffix-set, the HMM can be
trained with EM algorithm on a set of words. It is likely that a sequence
of letters that corresponds to a derivation will be frequently present in the
training set. For this reason, the EM algorithm will give a high probability
of emitting this sequence to the state chains in the suffix-set. For instance,
the state in the one-state chain will emit with a high probability the letters
that are commonly at the end of the words, the states in the two-state chain
will emit with a high probability the bi-grams that are commonly at the end
of the words, and so forth.

Preliminary tests with a topology for the suffix-set like the one shown in
Figure 3 and simple topologies for the prefix-set gave unsatisfactory results,
because they did not consider the relative importance of stems for finding the
split point. After unsupervised training a HMM that models only derivations
with state chains has a behavior similar to a simple stemmer that strips the
most frequent word endings.

In order to overcome this problem, the topology of the prefix-set is made
of state chains too. In this way, both stems and derivations are modeled
in a similar fashion, as can be seen in Figure 4[a]. The main difference
between the two kind of chains is that a state in the prefix-set may perform
a self-transition, allowing to model stems of arbitrary length. The minimum

length of a chain in the prefix-set gives the minimum length of a word stem.
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Figure 3: Modeling of the suffix-set as collection of state chains, without

constraints for the prefix-set.

When a HMM with this new topology is trained with the EM algorithm, it
is expected that the sequences of letters that are frequent in a stem and that
are not frequent in a derivation, will be modeled with a high probability by
one or more prefix-chains.

The computation of the position of the split point, which can be still
carried out applying decoding, depends then both on the modeling of stems
and on the modeling of derivations. In particular, there are three different
components that contribute to the choice of the most probable path, from
which the choice of the split point depends: the probability that the first
subsequence of letters of a word is a stem, and it is modeled by the prefix-set;
the probability that the second subsequence of letters is a derivation, and
it is modeled by the suffix-set; the joint probability of stem and derivation,
which is modeled by the transition from the prefix-set to the suffix-set.

The next sections present the results of a number of experiments on
the effectiveness of the HMM-based stemming method, using three different
topologies that are depicted in Figure 4. In particular, topology b simplifies
the modeling of chains of the prefix-set by collapsing them in a single chain;

topology c extends this same approach to the suffix-set.
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prefix—set

split—point suffix—set

Figure 4: The three topologies tested in the experiments.

6 Design of Experiments

An experimental approach was chosen to assess the effectiveness of the pro-
posed stemmer generation procedure. To obtain reliable results, several
experiments using standard large data sets in a controlled laboratory en-
vironment were carried out. In our experiments, the Cranfield evaluation
model was adopted, from which the evaluation procedure proposed by TREC
was derived. The comparison between our experimental results and other
research work has been made possible by the choice of the Cranfield method-
ology for carrying out the experiments and by the use of standard test col-
lections. Because our methodology should be applied to different languages,
our experiments were carried out using the data provided by the Cross-
Language Evaluation Forum (CLEF), which supplies datasets in a variety
of languages. Accordingly to the TREC framework, CLEF provides a differ-

ent collection for each language and 50 topics for each collection (with the
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No. of docs | Size (MB) | No. of words | No. of distinct words
Dutch 190,604 540 22,543,343 699,611
English 113,005 425 22,105,852 228,727
French 87,191 243 13,136,932 246,689
Ttalian 108,578 278 15,586,080 345,843
Spanish 215,738 509 28,662,289 378,749

Table 1: A summary of the collections used for the experiments.

exception of English and French, which have 42 and 49 topics each respec-
tively). All the collections are based on news stories appeared, in the same
period, on European newspapers. Topics address different subjects, ranging
from social studies to international events. The queries were built by using
both the title and the description fields. CLEF provides also the correspond-
ing relevance judgments for each topic. The experiments were carried out
using data of the CLEF evaluation campaign of 2002, i.e. five collections
of documents written in Dutch, English, French, Italian, and Spanish. The
size of the collections is moderately large, as summarized in Table 1.

The main aim of our experiments was to assess the impact on retrieval
effectiveness of a stemmer generated by a HMM trained with the corpus
of documents to which stemming is applied. Moreover, there were other
research questions to which an answer was required. The tested hypotheses

were:
e Hi: stemming does not significantly affect retrieval performance,
e Hs: stemmers generated by HMMs with simple topologies are as ef-

fective as stemmers generated by HMMs with complex topologies,
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e Hi: a stemmer generated by a HMM is as effective as a linguistic

knowledge-based one: this is our main hypothesis.

These hypotheses are called “null hypotheses” as it is common practice in
statistical testing. In fact, the term “null” is used to underline that two
treatments are compared and judged as equivalent if the difference between
their outcomes is null. In the following, the motivations of each hypothesis

and the runs carried out to test it are discussed in detail.

6.1 H,: Effectiveness of Stemming

The degree to which stemming is an effective device for different languages is
an important parameter about the usefulness of the procedure for automatic
stemmer generation. Therefore the hypothesis that stemming does not affect
retrieval performance was tested. This hypothesis has been already tested in
the past for different languages, especially English, but little experimental
evidence about other languages is available. Thus the experiments using
the CLEF sub-collections were reproduced. This test is important to assess
whether the design and application of a stemmer are useful labors.

To test this hypothesis, Porter stemmers, which are available at the
Snowball Web site Porter (2003), were run and the retrieval results were
compared with those produced without stemming. Porter stemmers, which
are a priori linguistic knowledge-based stemmers, are widely used for differ-
ent languages. If linguistic stemmers did not improve retrieval effectiveness,
it is not likely that statistical approaches will give significant improvements

either.
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6.2 H,: Effect of Different Topologies

Effective HMM topologies were looked for to optimize the impact on re-
trieval effectiveness of a stemmer generated by a HMM. Therefore it was
investigated if complex topologies would have had a greater impact on re-
trieval effectiveness than simple topologies. In particular, it was analyzed
whether the processes that generate stems and derivations are more complex
than a simple sequence of states or not, i.e. if the complexity of substring
generation can or should be approximated by the complexity of HMM. If
simple topologies were as much effective as complex ones the effectiveness
of simple topologies would permit to easily implement stemmers for many
languages or collections, because no additional knowledge is needed in terms
of states and transitions added to the topology.

To test this hypothesis the three different topologies that are depicted in
Figure 4 at different degrees of complexity were tested and compared. The
chosen topologies reflect different hypothesis about the mechanisms that

generate stems and derivations.

6.3 Hs: HMM vs. Porter Stemmers

Testing that the retrieval effectiveness of an IR system employing a HMM-
generated stemming algorithm is equivalent to the effectiveness of a system
which employs a linguistic knowledge-based algorithm is our main hypothe-
sis. If it were not rejected the design and implementation of stemmers gen-
erated by a HMM would be a direction to follow and the confirmation that
statistical approaches to stemming are not inferior to linguistic knowledge-
based approaches, at least for IR applications. It is useful noting that the

outcome of these hypothesis tests were based on statistical significance test-
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ing — no quality control procedures were applied to assess the goodness of
stemming from a linguistic point of view.

This hypothesis was tested through the comparison of a HMM generated
stemmer with Porter stemmers, all the other indexing and retrieval compo-
nents being equal. Yet it is not our main aim to improve Porter stemmers,
but rather to get close to their performances with HMM-generated stem-
mers.

Another test has been carried out to highlight the effects of the size of the
training set on retrieval effectiveness, by using different proportions of the
collection of words that are employed to train the HMM-generated stemmers.
As it is known, a reduced amount of training data may cause parameters
overfitting — the parameters are optimally estimated for the used data but
the model cannot generalize to a larger collection. The robustness to the
amount of training data would permit to develop a HMM-generated stemmer
using a small or a different word collection and to apply it to other, bigger
collections. Moreover, the little sensitiveness of retrieval effectiveness to the
training data set size would allow us to increase the document collection,
and then the vocabulary without regenerating the stemmer and re-indexing
the whole collection.

The runs were classified and named accordingly to the stemmer and
to the language of the documents, which is the same as the language of
the topics since monolingual retrieval for different languages was the focus
of our research. The runs that involved a HMM-generated stemmer are
labeled tps-I, the runs that involved a Porter stemmer are labeled prtr-I

and the runs without stemming are labeled no-I, where:

e { is a tested topology, i.e. a, b, c;
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e p is the maximum length of a prefix chain, i.e. 5, or 6; note that
self-transitions in the prefix-set allow us to generate prefixes of any

length;
e s is the maximum length of a suffix chain, i.e. 4, or 5;

e [ is the language label, i.e. du (Dutch), en (English), fr (French), it

(Italian), or sp (Spanish).

The comparison was made on the basis of the effectiveness of retrieval,
and specifically on precision and recall — precision is the proportion of re-
trieved documents that are relevant, recall is the proportion of relevant
documents that are retrieved. To be specific, the evaluation measures of
trec_eval, Buckley et al. (2003) i.e. average precision and recall-precision
were used in our experiments — an explanation is reported by Voorhees
(2004). The variations between the retrieval precision values obtained by
the tested runs were observed. A simple comparison of the variation in per-
centages among the effectiveness measures of two or more methods would
not have given enough information on whether the behaviors of the tested
stemmers had been due to their structural nature and had not occurred by
chance.

In order to validate the results, a statistical analysis based on significance
testing was carried out. The retrieval effectiveness measures produced by
each tested method were seen as independent samples. In other words the
test topics were considered as statistical units of a sample and the measures
were considered as treatments applied on the sample. In testing hypotheses
using statistical methods a null hypothesis which means that the compared

stemming methods are equally effective is selected for each pair of stemming
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methods. The test computes the probability (p-value), under the null hy-
pothesis, of obtaining the observed value. If the p-value is small, then the
experiments suggest that the difference had not occurred by chance. The
effectiveness of statistical testing is that a small set of topics can be built as
a representative sample of the universe of all the possible queries. However,
the representativeness of the sample and of each single topic are assumed:
If the sample was biased towards a subject or many topics are not realistic,
it would not be representative (Hull, 1996).

Statistical tests for paired samples were employed because the two sets of
measures were considered as two measures associated to the same sample.
In particular, a non-parametric statistical test, i.e. the paired Wilcoxon
test was used because there was no evidence about the distribution of the
differences in the average precision between stemmers (Mood et al., 1974).
The paired Wilcoxon test starts from two paired series (x;,y;) of n observed
values, one series for each out of the observed variables X, Y to be compared.
Then, the differences d; = x; — y; are computed and their absolute values
are ranked. For each observation, r; = sign(d;) - rank(|d;|) is computed.
Finally, T = 3", r; / 1/>; 2 is the test statistics, which is approximated by
a Normal variable for large n. Being based on ranks, the Wilcoxon test value
is not affected by large differences in average precision, which can result in
outliers. In comparing the runs, the decision on whether the precision of
run X was significantly different from that of run Y was necessary. Tests
using both the average precision (Av.P.) and the recall precision (R-P) were
carried out. To compare two stemmers that generate X and Y, respectively,
the significance tests were built in a way that the null hypothesis Hy is that
no differences exist between the two runs. It is worth noting that different

tests unfortunately lead to different outcomes; the Sign test, for instance,
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requires more evidence than the Wilcoxon test to reject the null hypothesis.

7 Experimental Results

In order to verify the three hypothesis, a number of tests have been car-
ried out. An experimental information retrieval system, called IRON, was
realized by our research group and was used for these experiments. IRON
has been built on top of the Lucene 1.2 RC4 library (Lucene, Visited on
April, 2004). Lucene implements the vector space model and a ¢ f - idf-based
weighting scheme (Salton and McGill, 1983). Stop-words have been removed
using the stop-lists suggested by the CLEF consortium. Of course, different
indexes were generated using different stemmers.

The amount of data used for training may influence the performance of
HMDMs, due to parameters overfitting. To this end, a number of tests have
been carried out using different proportions of words to train the model
were compared, namely 100%, 50%, 33%, 25%, and 20% of the words for
each of the collections. No significant variations in terms of average or recall
precision were observed, for all the tested languages and all the proposed
topologies. As the amount of training does not influence the retrieval effec-
tiveness, the runs produced by the HMM-generated stemmers trained with
all the words were compared in the remainder of the experiments.

In the presented experiments, large and general collection have been
used. Yet, the relationship between the performances of the HMM-based
stemmer and the corpus used for training need to be investigated in more
detail. It is important to note that, in the proposed approach, the stemmer
is trained using the same corpus that will be stemmed, and then it auto-

matically tuned on the specific domain of each corpus. The experimental
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results are reported in the following sections.

7.1 H,: Effectiveness of Stemming

As regards hypothesis Hi, i.e. stemming affects retrieval performance, the
results of Porter stemming algorithm were compared with those obtained
without applying stemming, i.e. each word has been preserved and no stem
has been extracted. For each pair of compared runs, Table 2 reports the
average precision, the precision at 5 retrieved documents, the precision at
10 retrieved documents, the number of queries for which the first run was
superior (column with label >), not significantly different (=), or inferior
(<) in terms of precision, to the second run, and the p-value that is the
probability that the null hypothesis is true if it is rejected by the experi-
menter; when an approach is significant different, the p-value is reported in
bold. Table 3 reports similar results about recall precision. As it is well
known, a common threshold to decide whether to reject a null hypothesis is

a probability of p < 5.00%.

I Run IT Run No. of topics
Label | Av.P. | PQ@Q5 | PQ10 | Label AvP. | PQ5 | PQ10 | > | =| < | p-value
no-du | 0.378 | 0.532 | 0.462 | prtr-du | 0.401 | 0.500 | 0.460 | 16 | 7 | 27 | 3.00%
no-en | 0.425 | 0.486 | 0.376 | prtr-en | 0.445 | 0.500 | 0.419 | 14 | 3 | 25 7.87%
no-fr | 0.338 | 0.420 | 0.376 | prtr-fr | 0.397 | 0.428 | 0.400 | 18 | 2 | 30 | 0.46%
no-it | 0.347 | 0.461 | 0.406 | prtr-it | 0.377 | 0.477 | 0.426 | 20 | 0 | 29 5.18%
no-sp | 0.419 | 0.588 | 0.532 | prtr-sp | 0.458 | 0.604 | 0.540 | 17 | 0 | 33 | 3.39%

Table 2: Comparison between no-I and prtr-/ in terms of average precision,

precision at 5 and precision at 10.
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I Run IT Run No. of topics
Label | R-P | Label R-P > | = < | p-value
no-du | 0.385 | prtr-du | 0418 | 3 | 32 | 15 | 0.47%
no-en | 0.400 | prtr-en | 0.427 | 11 | 14 | 17 | 24.20%
no-fr | 0.335 | prtr-fr | 0.398 | 7| 19| 24 | 0.45%
no-it | 0.353 | prtr-it | 0.389 | 10 | 16 | 23 | 2.64%
no-sp | 0.409 | prtr-sp | 0.453 | 12 | 13 | 25 | 1.78%

Table 3: Comparison between prtr-/ and no-/ in terms of recall precision.

The results show that stemming in most cases improves the retrieval
effectiveness because the p-value is very low — an exception is English for
which the compared runs are not significantly different. For the Italian
experiments the results show as well that the average precision of the results
after stemming using Porter algorithm can be considered significantly higher
than the precision of the results without stemming, yet with error probability
of 5.18% — however, the recall precision is significantly higher because the
p-value is2.64%. This outcome is consistent with other experiments carried
out in the past, which showed that the impact of stemming depends on the
language and that the impact is higher when the language morphology is
more complex. As English morphology is rather simple, stemming seems
not to significantly affect performance, at least from a statistical point of

view.

7.2 H,: Effect of Different Topologies

As regards hypothesis Hs, i.e. HMMs with simple topologies are as effective
as HMMs with more complex topologies, the runs obtained with HMM-

generated stemmers with different topologies were compared. In particular,
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referring to Figure 4, the most complex topology, labeled with a, was com-
pared with the middle complex b and with the less complex c. The results
using ab4 and bb54 topologies for all the languages are summarized in Ta-
bles 4 and 5, respectively on the average and the recall precision; as an

example, results using 65 topologies are reported for English and Italian.

I Run 1T Run No. of topics
Label Av.P. | Label AvP. | > | =| < | p-value
ab4-du | 0.394 | b54-du | 0.380 | 31 | 6 | 13 | 2.51%
ab4-en | 0.420 | b54-en | 0.403 | 21 | 4 | 17 | 41.79%
ab4-fr | 0.365 | bs4-fr | 0.357 | 21 | 1 28 | 94.42%
ab4-it | 0.340 | bs4-it | 0.345 | 21 | 1 | 27 | 35.76%

0
2
1

ab4-sp | 0.457 | b54-sp | 0.433 | 25 25 | 20.77%
a65-en | 0.448 | b65-en | 0.381 | 30 10 | 0.02%
a65-it | 0.365 | b65-it | 0.364 | 25 23 | 96.81%

Table 4: Comparison between a- and b- type topologies in terms of average

precision.

The results show that the a54 topologies are equivalent to the b54 topolo-
gies, because the p-values, i.e. the probabilities that the decision to reject
the null hypothesis are wrong, are high. An exception is observed for Dutch
since a topologies appear to be more effective than b topologies in terms of
average precision — indeed the probability that the decision to reject the null
hypothesis (the topologies are equally effective) is low.

Another particular behavior can be observed comparing topologies 54-en
and 65-en topologies. It seems that, at least for English, the length of chains
in the prefix-set and suffix-set affects the effectiveness of b topologies, which

are likely to be less effective having a low p-value. For all the other lan-
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I Run IT Run No. of topics
Label R-P | Label R-P | > | =] < | pvalue
ab4-du | 0.402 | b54-du | 0.388 | 16 | 25 | 9 | 15.85%
ab4-en | 0.392 | b54-en | 0.388 | 6 | 22 | 14 | 15.57%

ab4-fr | 0.350 | bs4-fr | 0.344 | 12 | 23 | 15 | 68.18%
ab4-it | 0.360 | b54-it | 0.352 | 11 | 32 | 6 | 23.40%
ab4-sp | 0.446 | b54-sp | 0.426 | 19 | 18 | 13 | 14.16%
a65-en | 0.449 | b65-en | 0.388 | 14 | 22 | 6 | 3.75%
a65-it | 0.368 | b65-it | 0.375 | 11 | 24 | 14 | 60.31%

Table 5: Comparison between a- and b- type topologies in terms of recall

precision.

guages, simple topologies perform as effectively as more complex ones. To
confirm the decision not to reject the null hypothesis, the a54 topologies were
compared with the simpler c54 topologies; again, results using 65 topolo-
gies are reported for English and Italian. The results are summarized in
Tables 6 and 7 with regard to the average and the recall precision, respec-
tively. These results show that a54 topologies are also equivalent to the
c54 topologies, since the p-values are quite high. The exception is the Ital-
ian language for which an even simpler topology improves significantly the
retrieval performances in terms of average precision. The same behavior
observed comparing results for 54-en and 65-en topologies is maintained
also in this case.

In general, the results for hypothesis H3 show that the proposed ap-
proach seems to be robust to the choice of the HMM topology, allowing for
simple topologies that requires less computational power. The exception of

Dutch in the comparison between ab4 and b54, which has been observed
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I Run IT Run No. of topics
Label Av.P. | Label AvP. | > | =| < | p-value
ab4-du | 0.394 | c54-du | 0.388 | 25 | 3 | 22 | 83.3™%
ab4-en | 0.420 | cb4-en | 0416 | 22 | 1 | 19 | 96.01%
ab4-fr | 0.365 | cb4-fr | 0.395 | 28 | 1 | 21 | 21.50%
ab4-it | 0.340 | cb4-it | 0.375 | 15 | 0 | 34 | 1.05%
ab4d-sp | 0.457 | cb4-sp | 0.454 | 21 | 1 | 28 | 60.31%
a6b-en | 0.448 | c65-en | 0.422 | 25 | 4 | 13 5.00%
a65-it | 0.365 | c65-it | 0.356 | 23 | 0 | 26 | 80.26%

Table 6: Comparison between a- and c- type topologies in terms of average

precision.

also in other runs, may show that for this language the suffix and the pre-
fix sets need to be symmetrical, hence a simpler modeling of the prefix-set
that is not balanced by a similar modeling of the suffix-set may lower the
effectiveness of HMM-based stemmers. On the other hand, the exception
of Italian in the comparison between ab4 and c54 has not been observed
in other runs and hence may be due to the particular topic set. Finally,
the comparison between topologies for English seems to be related to the
number of states in the models. It can be noted that English is less inflected
than other languages and, on average, it has a small words length. This
may mean that HMMs with longer chains of states are not good models for
English, and this effect becomes more significant when they have simplified

topologies.
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I Run IT Run No. of topics
Label R-P | Label R-P | > | =] < | pvalue
ab4-du | 0.402 | cb4-du | 0.385 | 17 | 23 | 10 | 16.76%
abd-en | 0.392 | cB4-en | 0.397 | 7 | 24 | 11 | 29.37%
ab4-fr | 0.350 | cb4-fr | 0.394 | 12 | 21 | 17 | 18.02%
ab4-it | 0.360 | cb4-it [ 0.380 | 8 |23 | 18 | 5.61%
ab4-sp | 0.446 | cb4-sp | 0.445 | 12 | 23 | 15 | 79.49%
a65-en | 0.449 | c65-en | 0.404 | 20 | 15 | 7 | 0.88%
a65-it | 0.368 | c65-it | 0.357 | 16 | 17 | 16 | 68.65%

Table 7: Comparison between a- and c- type topologies in terms of recall

precision.

7.3 Hs: HMM vs. Porter Stemmers

As regards hypothesis Hs, i.e. the retrieval effectiveness of an IR system
employing a HMM-generated stemming algorithm is equivalent to the ef-
fectiveness of a system employing a linguistic knowledge-based algorithm,
the runs of HMM-generated stemmers were compared with the runs ob-
tained by Porter stemmers. In Tables 8 and 9, the comparison between
some “candidate” topologies and Porter stemmer is summarized for each
language. The choice of the topology has been carried out after preliminary
tests on retrieval effectiveness using a number of different topologies. The
ones that perform better are used as our “candidates” to be compared to
Porter stemmers.  The results show that the HMM-generated stemmers
are almost always equivalent to the corresponding Porter stemmer as far
as the comparison is carried out in terms of retrieval precision. One ex-
ception occurred: for Dutch, the HMM-generated stemmer is less effective

than the corresponding Porter stemmer in terms of recall precision, yet the
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I Run IT Run No. of topics
Label Av.P. | Label AvP. | > | =] < | p-value
ab4-du | 0.394 | prtr-du | 0401 | 20 | 4 | 26 | 27.57%
a65-en | 0.448 | prtr-en | 0.445 | 21 | 3 | 18 | 63.84%
cb4-fr | 0.395 | prtr-fr | 0.397 | 17 | 1 | 32 | 24.60%
cb4-it | 0.409 | prtr-it | 0377 | 22 | 1 | 27 | 70.39%
ab4-sp | 0.457 | prtr-sp | 0458 | 22 | 0 | 28 | 74.14%

Table 8: Comparison between the “candidate” HMM-generated stemmers

and the Porter stemmers in terms of average precision.

absolute levels of precision are comparable. The results for Dutch can be
explained considering that Dutch has a considerable presence of compound
words, which are not modeled by the current HMM-based stemmers.

The average performance figures gave the reader a lot of information
about the effectiveness of the tested HMM-generated stemmer especially if
compared with a Porter’s stemmer. The main finding is that the hypothesis
that the compared stemmers are equally effective cannot be rejected for
some FKuropean language as English, Spanish, French, and Italian, with the

exception of Dutch (see Table 9).

7.4 Analysis of the Results

The standard way to proceed to analyze experimental retrieval results in
a laboratory environment has been exemplified in Section 6: A test set of
topics was submitted to an experimental system that produces as many
rankings as the methods tested; recall-precision tables are computed for
each topic and averaged over all the topics. The statistical tests employed

often assumes that the error variance is constant across the topics. Since the
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I Run IT Run No. of topics
Label R-P | Label R-P | > | =1 < | pvalue
ab4-du | 0.402 | prtr-du | 0.418 | 6 | 28 | 16 | 3.66%
a65-en | 0.449 | prtr-en | 0.427 | 16 | 15 | 11 | 36.81%
cb4-fr | 0.394 | prtr-fr | 0.398 | 10 | 27 | 13 | 42.37%
cb4-it | 0.380 | prtr-it | 0.389 | 13 | 23 | 13 | 79.49%
ab4-sp | 0.446 | prtr-sp | 0.453 | 16 | 16 | 18 | 62.49%

Table 9: Comparison between the “candidate” HMM-generated stemmers

and Porter’s stemmers in terms of recall precision.

number of relevant documents is highly variable across the topics, a highly
variable error variance is likely to occur. Indeed the rank of the retrieved rel-
evant documents and then recall-precision values change dramatically across
the tested methods with very few relevant documents. Furthermore mean
precision values hide the information which can be provided by single topics
to explain why a method failed or succeeded.

What is useful, if not necessary, is an accurate analysis of the topic-by-
topic results. For each topic the difference between two methods should
be computed and the ranks of the retrieved relevant documents should be
compared; then for each retrieved relevant document the explanation of the
reason why it was top-ranked or not should be given. However this per-
query analysis would require a lot of human effort if performed individually,
and it may be useless because many differences are likely to be small or
determined by changes of the rank of very few relevant documents.

The approach followed in this research was to identify those topics which
clearly demonstrated a significant difference between the tested methods as

they should be the most informative to draw conclusions about the observed
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total difference. Moreover some large differences could explain a large pro-
portion of the total difference. This way useful information on how to mod-
ify a stemmer and significantly improve its performance would be provided.
On the contrary the identification of factors affecting the performance of a
stemmer would be little useful if drawn from the analysis of those topics for
which the difference between the compared methods was small.

An evaluation has been carried out on the differences in terms of average
precision between our “candidates” HMM-generated stemmers and Porter
stemmers, for Italian and English (see Table 9). The choice of these two
languages depends only on the fact that they are sufficiently known by the
authors. Given the considerations on factors that can affect a detailed eval-
uation, the topics with performance variations above 20% and with more
than 20 retrieved relevant documents were considered for Italian (15% and
15 for English, respectively). The choice of the threshold depends on the
way that a user is likely to perceive a difference between the two methods in
terms of retrieval results. The two thresholds are slightly different in order
to have a similar number of topics between the two languages.

Table 10 shows for Italian and English: The first column includes the
topic identifiers; the second column includes the percentage variation of the
retrieval precision by using the HMM-generated stemmer with respect to
the retrieval precision by using of Porter’s stemmer, a negative value means
that Porter stemmer performed less effectively; the third column includes
the number of retrieved relevant documents by the method that performed
best.

The analysis of the chosen topics can help understand when and why a
HMM-generated stemmer performed less effectively than a Porter stemmer —

this is a necessary condition to improve stemming technology (Hull, 1996).
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Ttalian English

Topic Id. | Variation | Rel.Ret. Topic Id. | Variation | Rel.Ret.
99 165.44% 35 107 203,44% 28
115 59.46% 26 115 34,99% 24
108 47.77% 26 122 18,54% 24
125 20,77% 36 131 15,15% 37
140 -43,11% 49 108 -18,81% 17
135 -35,01% 72 104 -15,57% 18
131 -24,39% 32

Table 10: Italian (left) and English (right) topics that have been chosen
for this evaluation; the percentage variation and the number of retrieved

relevant documents is reported for each topic.

The detailed analysis of the results was omitted in order to not distract
the reader from unnecessary data — a summary was preferred and the main
observations drawn from some topics have been reported below. It should be
remembered that the description words were used for building the queries,
so the tables below include some non-title words.

It was observed, indeed, that a stemmer causes a drop in performance
if it tends to overstem words. This phenomenon can be observed, for ex-
ample, with Italian Topic No. 99 — Spionaggio: il caso Ames (The Ames
espionage case). The word impatto (impact) was overstemmed by the HMM-
generated stemmer thus matching out-of-context words such as impatrio (to
impatriate) and impatiens (already in English in the Italian collection). The
word Russia was stemmed to rus and then a lot of extraneous words were

matched, like the proper names Rusconi or Rusic, other nouns such as rus-
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tico (country-style) or ruspa (scraper). Verbs such as trovino matched many
other derivations of the verb trovare (to find). Yet these verbs might be re-
moved in a laboratory environment since they and other words frequently
occurred in the test topics.

The previous consideration could be obvious. Yet overstemming is nei-
ther a sufficient nor necessary condition for a performance drop. The distri-
bution of stems across relevant and non-relevant documents is a key factor.
If the stem of an overstemmed word is more concentrated within relevant
documents than within non-relevant ones, performances do not drop dra-
matically. For instance, in the case of Italian Topic No. 108 — Secessione
dello Yemen del Sud (Southern Yemen Secession), the word sociali (social)
was overstemmed by the HMM-generated stemmer because the stem soc
matched a lot of extraneous and non-Italian words. It is likely that the
overstemming of furono (they were) by Porter stemmer degraded effective-
ness at a less extent than the overstemming of sociali did thanks to the
distribution of the stem fur within relevant and non-relevant documents.

Something different happened with Topic No. 115 Statistiche sul divorzio
(Divorce Statistics). Only the word percentuale (percentage) was stemmed
to percent by the HMM-stemmer. However percent is the stem of percentual
and percentuali only, which have the same meaning of percentuale. As there
were few differences between Porter’s stemming and HMM stemming results,
the list of the retrieved relevant documents were looked. The use of Porter
stemmer lead to the retrieval of more relevant documents. At the same time,
Porter’s stemmer produced a better ranking within the top thirty documents
despite forniscono was correctly stemmed to forn, which is the root of the
verb fornire (to supply), but also other words with a totally different mean-

ing, like forno (oven), were stemmed to the same root. This suggests that
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stemming is not always a crucial factor in retrieval performance.

Topic No. 140 Telefoni cellulari (Mobile phones) seemed to contradict
the fact over-stemming would degrade performance. Although the HMM-
generated stemmer reduced words at a larger degree than Porter the stems
produced matched many relevant words and few extraneous words. In-
deed the list of retrieved documents showed that the use of the HMM-
generated stemmer allowed the system to retrieve more relevant documents
than Porter, and in particular at middle ranks (30-100).

The hypothesis that too short roots are detriment of retrieval effective-
ness was witnessed by the English Topic No. 122 North American car indus-
try, which include three-character stems produced by the HMM-generated
stemmer. As the English language in general include shorter words than
Italian, the application of the HMM-generated stemmer can produce much
more too short stems than those produced from Italian words.

Despite over- or under-stemming, and some inconsistent outcomes, HMM-
based stemmers revealed a surprising non-negative role in retrieval effective-
ness by thus suggesting the idea that stemming errors are not always crucial
to retrieve relevant documents. However, the comparable on average effec-
tiveness of the HMM-based stemmers has interesting implications, the most
important being the possibility to deploy HMM-based stemmers within IR
systems which manage collections of documents written in different lan-

guages.

8 Conclusions and Future Work

Summarizing, our experiments show that is possible to model the process

of word generation as the pipeline of two sub-processes — the sub-process
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generating prefixes and the other one generating suffixes — and that HMMs
are effective tools for this task. The identification of the switch between
the two sub-processes is equivalent to extracting the stem of a word. HMM
training basically consists of probability estimation on the basis of a word
collection. Decoding can be efficiently performed at search time for the
input query words and also for words not used at training time. At first
sight, the retrieval effectiveness might be dependent on the HMM topology
but, accordingly to our experiments, a simple topology serves for this task
as effectively as more complex ones. Our conclusion is that the retrieval
effectiveness of the tested HMM-generated stemmers is equivalent to that of
Porter stemmers. Yet some comments are useful.

Comparing the experimental results, the use of HMM-generated stem-
mers can improve the retrieval effectiveness of an IR system. Of course, this
improvement was not expected to be higher than the one obtained with a
stemmer based on prior linguistic knowledge, which can take into account
special rules for the creation of word derivations. Moreover, our method do
not take into account any peculiarities of a language like phonetic variants
(i.e. “loveable” and “lovable”) or compounding (i.e. “lovesong”).

Similarly to many other statistical approaches, our method computes
maximum likelihood estimation of the probabilities and thus performances
depends also on the frequency of letters and substrings. Nevertheless, find-
ing the split point between prefix and suffix is not merely lopping off the
most frequent word endings. Indeed, also prefixes are modeled by a number
of chains and the most probable path depends on the synergy between the
modeling of prefixes and suffixes. The strength of the proposed method is
that it does not require human labor, for the identification of morphological

rules or for the creation of a manually stemmed training set. The develop-
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ment of a stemmer for a new language can then be carried out straightfor-
wardly, given the assumption that stemming can be performed with a suffix
removal approach.

Since training is performed using the EM algorithm, the computational
complexity for the generation of a stemmer is O(l x N? x 1), where [ is the
overall number of letters in the words in the training set, N is the number
of states in the HMM, and ¢ is the number of iteration required by the EM
algorithm — in our experiments, trainings phase stop after approximately
30 iterations. Even if the generation of a stemmer has to be performed at
indexing time, it might be useful to reduce the computational load by using
simple topologies, which have a smaller number of states IV and are as effec-
tive as more complex ones, according to hypothesis Hy. The computational
load at query time is not an issue, because stemming is performed by Viterbi
decoding, which has a computational complexity linear with the number of
letters of the words of the query like many other stemmers.

The evaluation highlighted that HMM-based stemmers have the ten-
dency to overstem words, at least compared with Porter algorithms. In par-
ticular, HMM-based stemmers tend to remove suffixes also when words are
short, even if the proposed topologies have the constraints that stems cannot
be shorter than three letters. The query-by-query evaluation showed that
overstemming does not necessarily degrade retrieval effectiveness if stems
are still distributed in a way relevant documents are discriminated from
non-relevant ones.

The training of a HMM used to implement a stemmed depends on the
corpus. This fact seems a weakness, yet it is also a strength because the
training comes from the collection for which the stemmer is developed and

a stemmer can be built of every collection in a few hours. This way a
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stemmer for a collection might stem domain-specific words more effectively
than a stemmer for another collection. It should be also noted that the
experiments were run using large, general collections, and that one instance
of each word is used to train the HMM. To make a stemmer more sensitive
to the domain, the frequency of occurrence might be taken into account at

probability estimation time, but these issues are left to the future work.
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