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ABSTRACT

Information retrieval IR is the process of finding information (generally documents) that matches
the needs of the user. One way to improve the search effectiveness as well as the quality of text
categorization is to build an effective stemmer that helps to match user’s queries with relevant
documents in IR and reduce the space of textual representation in TC. This has been always an
interesting research topic in IR and TC. We can define stemming as the process of reducing
inflected and derived words to their reduced forms (stems or roots). Many stemmers have been
developed for different languages, but there is always many weakness and problems. In the present
work, we have developed a multilingual stemming approach, based on the extraction of the word
root and that exploits the technique of n-grams of characters. Our experiments have been done on
three languages which are: Arabic, English and French.

Keywords: Information retrieval, Machine learning, Natural language processing, Root
extraction, Stemming.

INTRODUCTION

Text categorization TC is an interesting task in text mining field. It is useful in several applications such as: spam
filtering, assignation of web pages to yahoo groups, etc. it becomes more and more important as the amount of
texts in electronic format grows every day. This task is done by assigning a set of texts to another set of predefined
categories (classes). To fulfil TC requirements, there exist two approaches: manual approach (human experts)
which is focused around manual development of classification rules, machine learning approach which is based
on the use of algorithms known in machine learning field such as: K-NN, NB, Decision trees, NB, SVM, ANN,
, etc. During TC process, the document must pass through many steps: pre-processing step which consists of
removing irrelevant words such as punctuation and stop words, representation step which consists of
representing each document with a vector of terms (words, phrases, n-grams, etc), and finally the calculation
step in which we calculate term frequencies TF, and inverse document frequencies TF-1DF. Unfortunately, one
critical problem can be encountered during the representation step which is the large size of vectors used to
represent these documents, this case rises when we use big corpora of texts. To overcome this problem, a set of
statistical methods can be used to select the most relevant terms and use them in the entry of learning algorithms
(Mesleh, 2007; lonan, 2008; Komkid, Narodom, Kittisak and Nettaya, 2012). Another technigue that gives good
results for the categorization of Arabic texts is the selection of relevant terms using stemming technique.

In the field of Information Retrieval, the stemming is also used to conflate a word to its different forms in order
to avoid inconsistency between the words occurring in the documents and the query asked by the user. For
example, if the user is looking for a document on “How to draw” and he submits a query on “drawing”, he may
not obtain all results he is looking for. But, if his query is stemmed, so that “drawing” becomes “draw”, then
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retrieval will be more successful. Thus, if we want to give a simple definition of stemming, we can say that
stemming is a linguistic technique that permits to replace a large number of terms (words) occurring in a
collection of documents and semantically close by their reduced forms (roots or stems), the main objective is to
reduce the size of the vector of terms on one hand, and to improve the accuracy of categorization in TC and the
effectiveness of search in IR on the other hand.

Several stemmers have been built for different languages such as: English, French, Spanish, Italian and Arabic.
Each one has its own weaknesses as well as its disadvantages. We note also, that most of these stemmers are
language dependent (Hadni, Ouatik and Lachkar, 2013). So, it seems useful to design and develop a new
stemming algorithm which is totally language independent. For this purpose, we developed in our study a
multilingual stemming approach, that relies on the search of the word root. This approach has been validated on
three different languages namely: English, Arabic and French and gave promising results.

We also note that our proposed algorithm can work well for the lemmatization process, but we have focused
here only on the stemming process which is our first concern. The present paper is organized as follows: section
2 presents some concepts related to the stemming process. Section 3 is a detailed overview of the related works.
In the fourth section we give some metrics which permit to compare between stemmers. In section 5, we describe
our proposed stemming approach. The sixth section illustrates the experimental part we have done to validate
our approach, as well as the obtained results. In section 7, we discuss the results obtained in the previous section.
Section 8 displays a comparison established between our proposed multilingual stemmer and the most popular
ones inthefield. In the last section, we summarized the realized work and suggested some perspectives for future
researches.

BASIC CONCEPTS

Stemming and Lemmatization

Stemming and lemmatization have almost the same function. Both of them replace a word by its basic
form; a 'root' or 'stem’ for stemming and ‘lemma’ for lemmatization. Therefore, there exist a main
difference between both concepts. In stemming the (root/stem) is obtained after applying a set of rules
(removal of affixes) without requiring a grammatical analysis on the text. In contrary, the lemmatization
process is consisting in obtaining the ‘lemma’ of a word which requires replacing conjugated verbs by
their infinitive forms and nouns by their singular forms after applying a grammatical analysis on the
text (e.g., POS tagging). So, it is a more complicated operation than stemming especially when
implementing it on machine.

Over Stemming and Under Stemming Errors

In stemming, two errors may be encountered: over stemming and under stemming. We talk about over-
stemming if two words having different stems are stemmed to the same root/stem. similarly, we talk
about under-stemming if two words that should be stemmed to one root/stem are not. Both errors
influence negatively on the performance of the stemmer. We note also that, when a word is under-
stemmed, it becomes enough difficult to determine if two different words are related according to their
morphology or not. In the case of over stemming, the major problem is that it will be possible that two
no related words which but share a common part of their morphological root are incorrectly detected as
related because their stems are identical.

Many researchers have proved that light-stemming decreases the over-stemming errors but increases
the under-stemming errors. In contrast, heavy stemming reduces the under-stemming errors but
increases the over-stemming errors (Chris, 1990, 1994).



Conflation Methods

The terms conflation is generally used to denote the fact of matching morphological term variants. We
distinguish two kinds of conflation; manual conflation based on some regular expressions and automatic
conflation based essentially on some programs called stemmers. Figure 1 explains briefly the different
methods of conflation.

Conflation
N
\/
Manual Conflation Automatic Conflation
Using regular expressions Using stemming algorithms
Affix Successor Table n-gram
removal variety lookup

Figure 1. Conflation methods

Affix removal methods

This class of methods removes affixes (suffixes, infixes, prefixes) from the words subject of conversion
into a common form called stem. Most stemmers are based on the affix removal methods. They are also
based on two main principles: the first is iterations and the second is the longest match possible. We
define an iterative stemming algorithm as a recursive process that removes strings in each order-class,
starting from the end of the word toward its beginning. This approach of stemming does not allow more
than one match within a single order-class (Deepika, 2012). The meaning of longest-match is that within
any given class of endings, if more than one ending provides a match, the longest one should be
removed.

Successor variety method

This class of methods generally uses the frequencies of letter sequences in a given body text as the basis
of stemming algorithm. In simple terms, the successor variety of a string can be defined as the number
of different characters that follow it in words in some body of text (Hafer & Weiss, 1974). For example,
we take the following body of text consisting of many words: (call, cake, cease, chair, cash, cost, cheap,
core, check, cubic). To find the successor varieties for the word "carpenter" for example, we must use
the following process. The first letter of “carpenter” is "c". "¢" is followed by five characters in the text
body: "a," "e,”, “h,”, “0,” and "u." Thus, the successor variety of "c" is five (05). The next successor
variety for “carpenter” would be three (03), since “ca” is followed by “1,”, “k,”, “s." in the text. if this
process is performed using a large body of text, the successor variety of substrings of a term will
decrease as more characters are added until a segment limit is obtained. At this level, the successor
variety will consequently increase. This kind of information will be used to identify stems. We can also
apply the same process for Arabic language. For example, if we have the following body of text: ( sl
dasle zsle qalse asle (Bee sl (Bile (&), The successor varieties of the word “ag<sle” will be as
follows: "(01) ",asle™ ,(02) ", sle" ,(02) ",d=" ,(05) ",¢).

Table lookup method

Some stemming algorithms use a table of index terms and their stems stored in advance to extract the
stem of a word that occurs on the index. Therefore, terms from queries and indexes could then be
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stemmed based on this table lookup (Frakes, 1984) using a well-known technique such as: B-tree or
Hash table, such lookups would be very fast. For example, “used”, “users”, “using”, “useful” all these
terms can be stemmed to the common stem “use”. with this approach, two problems can be met. The
first is that to build these lookup tables we need to work directly on a language and thus requires prior
linguistic knowledge. The second, is that these tables may miss out some exceptional cases. A third
problem is the storage cost for such a table (the required memory space).

Table 1.
Principle of Table Lookup Method

Term Stem
English
Information Inform
Informatics Inform
Inform Inform
Informational Inform
Arabic

ol
Al
alaa
slale
Aalza
Clalaa
slale
Osalaiy

FEFE R R R

N-Grams method

Proposed by Adamson and Bareham (1974) and also called the shared digram method. A digram (a
bigram) is a pair of consecutive letters, but we can also use 3-grams, 4-grams, ..., and hence it’s called
n-grams method. With this method, two words are associated on the basis of common unique digrams
they both share. To calculate this association measure, we generally use Dice’s coefficient (Frakes,
1992). For example, the terms; policy and political can be segmented into bigrams as follows:

policy =>po ol li ic cy (05 digrams)
unique digrams = po ol li ic cy (05 digrams)
political => po ol liitti ic ca al (08 digrams)

unique digrams =>po ol li itti ic caal (08 digrams)
common unigue digrams =>po ol liic (04 digrams)

Thus, " policy " has (05) digrams, all are unique, and " political " has (08) digrams, all are unigque. The
two words share (04) unigue bigrams.

Once the common unique bigrams for the word pair have been identified and counted, a similarity
metric based on them is computed. The first used similarity metric was Dice's coefficient, which is
defined as follows: (Frakes, 1992)

S = 2%C/(A+B). @)



where A is the number of unique bigrams in the first word, B the number of unique bigrams in the
second, and C the number of unique bigrams shared by A and B.

For the example above, Dice's coefficient would equal: (2 x 4)/(5 + 8) = 8/13 = 0.61. Such similarity
metrics are determined for all pairs of terms in the database. Once such similarity metric is computed
for all the word pairs they are clustered as groups.

LITERATURE REVIEW: STEMMING ALGORITHMS

Stemming algorithms can be classified in three main groups: truncating methods, statistical methods,
and mixed methods (hybrid methods) (Jivani, 2011). Each group has its own way to find the stem
of the word.

Truncating Methods

This group of methods is related to removing the affixes of a word. One well-known stemmer in this
group is the Lovins stemmer proposed by Lovins in 1968. It performs a lookup on a table that
contains a number of endings, conditions and transformation rules (294 endings, 29 conditions and
35 transformation rules) (Lovins, 1968). The Lovins stemmer always proceeds to the removal of the
longest suffix from a word. And hence, the word is recoded using a separate table that makes various
adjustments to convert these stems into correct words. As advantages of this algorithm, we note that
it is very fast and can handle the removal of double letters in words like ‘Setting” being transformed
to ‘set’ and also handles many irregular plurals like — appendix and appendices, etc. The drawbacks
of the Lovins approach are that it is time and data consuming. Furthermore, it is possible that many
suffixes are not available in the table of endings.

Porter stemming algorithm (Porter 1980, 2001) is one of the best and most popular stemming
methods until our days, proposed in 1980 by porter. Many improvements have been introduced on
the basic algorithm. The main idea of this stemmer is that the suffixes in English are often made up
of a combination of smaller and simpler suffixes. It works through five steps, within each step, many
rules are applied until one of them verify the required conditions. If the selected rule is accepted, the
suffix is removed accordingly, and the stemming process pass to the next step until achieving the
fifth step in which the resultant stem is returned. Porter have also built a detailed framework of
stemming which is known as ‘Snowball stemming framework’. This framework allows
programmers to develop their own stemmers for different languages. The Paice/Husk stemmer is an
iterative algorithm based on a table containing a large list of rules (about 120 rules) indexed by the
last letter of a suffix (Chris, 1994). On each iteration, it tries to find a valid rule according to the last
character of the word. Each rule performs one of two possible tasks, a deletion or replacement of an
ending. If there is no such rule, the algorithm terminates. There is another case for which the
algorithm also terminates, it is when a word begins with a vowel and there exist only two letters left
or if a word begins with a consonant and there exist only three characters left. Otherwise, the rule is
applied and the process repeats. As advantages we note: it is a simple stemmer, and every iteration
performs both deletion and replacement according to the applied rule. The disadvantage is it is a
very heavy algorithm and over stemming may occur in some cases. Dawson Stemmer (Dawson,
1974): This stemmer is an extension of the Lovins algorithm except that it covers a much more
comprehensive list of suffixes (about 1200 suffixes). Like Lovins, it is a single pass stemmer and



hence it is relatively fast. The suffixes are indexed by their length and last letter and then stored
according to reversed order. Therefore, they are organized as a set of character trees which permit a
rapid access. The advantage is that it covers more suffixes than Lovins stemmer and it is fast in
execution. The disadvantage is it is very complex and does not have a unique standard
implementation.

Statistical Methods

This group of methods is called statistical methods, it contains stemmers which are based on
statistical analysis and techniques. Most of the methods remove also the affixes but after
implementing some statistical procedures. In this group we can find the following stemmers:

N-Grams Stemmer (Chris, 1994; Croft & Xu, 1998): it is considered as a language independent
stemmer in which a string-similarity approach is used to convert word inflation to its stem. An n-
gram can be defined as a set of n successive characters extracted from a word. The basic idea of this
approach is that, similar words share a high proportion of n-grams. For n equals to 2, the words
extracted are called digrams. For example, the word ‘information’ results in the generation of the
digrams: *i, in, nf, fo, or, rm, ma, at, ti, io, on, n* Where "*' denotes a padding space. usually, n can
take a value of 4 or 5. The major advantage of this stemmer is that it is a completely language
independent and hence very useful in a large range of applications. The disadvantage is it is memory
space consuming when creating and storing these n-grams. HMM Stemmer: This stemmer was
proposed by Melucci and Orio (2003) and mainly based on the concept of the Hidden Markov Model
(HMMs) which is a finite-state automata. At each transition, the new state provides a character with
a calculated probability. This method does not need a prior linguistic knowledge of the dataset, and
the probability to take each path can be computed and the most probable path is found using the
Viterbi coding in the associated automata graph. YASS stemmer (Yet Another Stripping Stemmer)
was proposed by Prasenjit and Majumder et al (Majumder et al., 2007). It is considered as a statistical
and corpus-based stemmer in the same time, since it does not rely prior linguistic knowledge. It
seems effective for languages that are suffixing in nature, and its performance is comparable to of
some well-known stemmers such as Porter and Lovins in terms of average precision and the total
number of relevant retrieved documents. In YASS approach, a set of boolean string distance measure
is defined (Levenstein, 1966), this distance measure is used to check similarity between two words
A and B by mapping them to a real number R, where a smaller value of R indicates greater similarity
between A and B.

Mixed Methods

This group contains a variety of mixed methods which are:

The Inflectional and Derivational Methods: they involve both the inflectional and the derivational
morphology analysis, require a very large corpus to develop these types of stemmers and hence they
are part of corpus base stemmers. In inflectional methods, the word variants are mainly related to
the variation of language syntax like plural, gender, case, etc. Whereas, in derivational methods, the
word variants are related only to the part-of-speech (POS) of a sentence in which the word occurs
(Jivani, 2011).

Krovetz Stemmer (KSTEM): was presented in 1993 by Robert Krovetz (1993), it is a linguistic



lexical stemmer. It is very complicated in nature, since it is based on the inflectional property of
words and the language syntax. It effectively removes inflectional suffixes in three steps.
Unfortunately, Krovetz stemmer does not find the stems for all word variants, that is why it is
generally used as a pre-stemmer before applying any other stemming algorithm namely: Porter,
Lovins, which can increase the speed and the effectiveness of the main stemmer. Krovetz stemmer
is considered as a light stemmer comparing it with other stemmers and does not produce a good
recall and precision performance.

Xerox Inflectional and Derivational Analyzer: the linguistics groups at Xerox have developed a
lexical database for English and some other languages which can analyze and generate inflectional
and derivational morphology. The inflectional database reduces each surface word to the form which
can be found in the dictionary, as follows (Hull & Grefenstette, 1996): nouns singular (e.g. children
child), verbs infinitive (e.g. understood understand), etc. The advantages of this stemmer are that it
works well with a large document and also removes the prefixes where ever applicable. The obtained
stems are valid since a lexical database providing a morphological analysis of any word in the
lexicon is available. Among the drawbacks of this stemmer is that the output depends mainly on the
lexical database which may not be exhaustive. Another drawback, is that this method is based on a
lexicon, hence, it cannot always give the correct stems which does not appear in the lexicon. We
also note, that this stemmer has not been implemented successfully for many languages.

Corpus Based Stemmer This method of stemming was proposed by Xu and Croft (1998). This
method tries to overcome some of the drawbacks of Porter stemmer. The corpus-based stemming
refers to automatic modification of conflation classes — words that have resulted in a common stem,
to suit the characteristics of a given text corpus using statistical methods. The main hypothesis is
that word forms that should be conflated for a predefined corpus will co-occur in documents of the
same corpus. Using this concept, many errors of over stemming and under stemming can be resolved
e.g. Itis also important to note that this stemmer works within two steps, in the first step, it uses the
Porter stemmer to identify the stems of conflated words and in the second step, it uses the corpus
statistics to redefine the conflation. The advantage of this method is it can potentially avoid making
conflations that are not appropriate for a given corpus and the result is an actual word not an
incomplete stem. The disadvantage is that you need to develop the statistical measure for every
corpus separately and the processing time increases as in the first step, and stemming algorithms are
first used before using this method.

The Context Sensitive Stemmer is done using statistical modelling on the query side. This method
was proposed by Funchun Peng et al (2007). The basic idea behind this stemmer is that before
submitting any query to the search engine, we predict morphological variants which would be useful
in the search process. Using this method, the number of bad expansions can be reduced, which in
turn reduces the cost of additional computation and consequently improves the precision at the same
time. After the derivation of the predicted word variants from the query, a context sensitive
document matching is done for these variants. The major advantage of this stemmer is that it
improves selective word expansion on the query side and matches conservative word occurrence on
the document side. Two disadvantages can arise here, the processing time and the complexity of the
algorithm.



Many Stemming algorithms have been developed for a wide range of languages including English
(Greengrass et al., 1996), Latin (Hull, 1996), Swedish (Carlberger et al., 2001), German and Italian
(Monz & Rijke, 2001), French (Moulinier et al., 2001), Turkish (Ekmekcioglu et al., 1996; Tan &
Yu, 2000).

For Indian languages (Thangarasu & Manavalan, 2013; diBijal & Sanket, 2014; Kasthuri & Kumar,
2014), we can note: Punjabi (diBijal, 2014) with an accuracy of 80.73%, Bengali (Suprabhat &
Pabitra, 2011) gives an accuracy of 96.27%, Urdu (Kasthuri, 2014) based on two approaches: Length
based and Frequency based, gives for each approach successively one of the following accuracy:
84.27% and 79.63%, Hindi (Thangarasu, 2013) gives an accuracy of 91.59%, Another Hindi
stemmer was proposed in 2014 by Vishal Gupta (2014), based on Suffix Stripping of porter and
gives an accuracy of 83.65%. For other non-Indian languages, we can note: Persian, Indonesian
(Husain, 2012; diBijal, 2014; Kasthuri, 2014).

For Arabic Language, there are three different Stemming approaches: the root-based approach (Al-
Fedaghi & Al-Anzi, 1989; Khodja, 1999; Larkey & Connell, 2002; Momani & Faraj, 2009; Al-
Nashashibi et al., 2010; AbuHawas & Keith, 2014); the light stemmer approach (Al-shalabi et al.,
2003; Kanaan et al., 2005; Al-Nashashibi et al., 2010; Mohamad et al., 2010; Al-omari, etal., 2013);
and the statistical stemmer approach (N-Grams) (Mustafa & Al-Radaideh, 2004; Hmeidi et al.,
2010; Yousef etal., 2014). But, until now, no a perfect stemmer for this language is available. Figure
2 summarizes the different stemming algorithms.

StemmingAlgorithms

v v v N
Truncating Methods Statistical Methods Mixed Methods
- Lovins stemmer \l/

- Porters stemmer \l/ \J/ \l/

- Paice/Huskstemmer N-gram HMM YASS

- Dawson stemmer algorithm algorithm algorithm

- Chris P.D Melucci&Orio - Majumder& al

v v v

- Yousef N et al

Inflectional& Corpus Based Context
Derivational Sensitive

‘ - Krovetzstemmer - Xu &Croft - Pung etal
- Xerox Analyzer

Figure 2. Classification of stemming Algorithms (Jivani, 2011)



COMPARISON AND EVALUATION OF STEMMERS

Moral, Antoni, Imbert and Ramirez (2014) present a detailed survey of stemming algorithms in
information retrieval covering: principle of stemming, stemming errors, stemming evaluation
metrics, corpora used by researchers in IR. In this section we concentrate on most-known metrics
used to compare between stemmers, notably:

Metricl: The Strength of a Stemmer

Generally, represents the extent to which a stemming algorithm reduces words to their stems (Frakes,
2003; Deepika, 2012). This measure depends on the rate of over-stemming and under-stemming made
by a stemmer. According to this measure, there exist two kinds of stemmers, a strong (or heavy)
stemmer which has a high rate of over-stemming errors, and a weak (or light) stemmer characterized
by having a high under-stemming rate (Moral et al., 2014). Some researchers define the stemmer
strength as the average number of words per conflation class. Formally, it can be expressed as follows:
(Paik et al., 2011)

Na = Nw/Ns. 2

Where:

Na: the average number of words per conflation class.
Nw: the number of distinct words before stemming.
Ns: the number of unique stems after stemming.

In the same way, Paice (1994) proposed some parameters to calculate the strength of a stemmer: the
under-stemming index (UI), the over-stemming index (Ol), the stemming weight (SW) and an error rate
relative to truncation (ERR). Based on these parameters, the strength of a stemmer can be expressed
using its over-stemming and under-stemming indexes: as follows

SW = 0I/UI. 3

An experiment has been done on Lovins, Porter and Paice/Husk stemmers and proved that Paice/Husk
has the highest rate of over-stemming and Porter the lowest. on the other hand, Porter stemmer makes
more under-stemming errors than the others, with Paice/Husk being the one generating least errors of
this type. As conclusion of this experiment, the Paice/Husk stemmer is the strongest stemmer, followed
by Lovins which is considered a strong stemmer, and finally Porter, which is the weakest among the
three.

Metric 2: Recall and Precision

The previous metric” strength” is not used to evaluate the accuracy of a stemmer, but it is used only to
classify it according to its errors. Thus, to evaluate the accuracy of the stemming process two other
metrics have been proposed by Berry, Kent, Luehrs and Perry (1955). These metrics are widely known
in IR. The first metric is the recall which is the rate of relevant documents returned by the IRS among
all relevant documents as an answer to a submitted query. The second one is the precision which is the
rate of the relevant documents among all documents returned by the IRS as an answer to a query. Some
authors have linked the performance of a stemming algorithm in terms of recall and precision to the
strength of the stemmer, and thus to under-stemming and over-stemming (Harman, 1991; Chris, 1994;
Frakes, 2003). They concluded that strong stemmers will generally, increase the recall, but they also
decrease the precision. Accordingly, they also proved that weak stemmers are better in matching related



words, and then increasing the precision, but are more likely to avoid conflating related words because
of under-stemming, thus decreasing the recall

Metric 3: Index Compression Factor (ICF)

Another metric is also used to evaluate a stemming algorithm based on its conflation rate, this metric is
known as the Index Compression Factor (ICF), it gives us how much the stemmer is able to compress
the vocabulary in input of the algorithm and then how much it decreases efficiently the storage capacity
needed and consequently increases the efficiency of the information retrieval system which has to deal
with a reduced dictionary. Many researchers in the field have proved that the compression of the
vocabulary mainly depends on the strength of the stemmer too. Lennon, Pierce, Tarry and Willett
(1988); Harman (1991); Chris (1994); Frakes And Fox (2003) have also proved that strong stemmers
give a better ICF than weaker stemmers, because, they match more words.

Metric 4. Computation Time

It is another parameter that is used by researchers in the field of stemming to compare the performance
of stemmers, the main idea is to compute the time from submitting a query to its processing and then
having the final results.

Metric 5: Similarity Measure

Frakes (2003) proposed a similarity measure which allows to find the similarity between two different
stemmers by comparing their returned results. This similarity is calculated using the inverse modified
Hamming distance. The experiments done by researchers on many stemmers ("S" stemmer, Paice/Husk,
Lovins, Porter,) show that Lovins and Paice stemmers are the most similar, while the Paice and "S"
stemmers are the most different. A deep analysis on the similarity metrics of all the possible
combinations of two stemmers, lets the researchers to prove that the similarity between stemmers is
related directly to their strength. The summary of all the features presented above for the most known
stemming approaches reinforces the idea that all the cited metrics depend mainly on the strength of
different stemmers and consequently on the rate of under-stemming and over-stemming errors as it is
presented in figure 3 below:

“S” Removal Porter Lovins Paice/Husk
Over-Stemming ’
Under-Stemming
Strength
Index Compression Factor ICF
Storage Needs
Recall
Precision

L

LA NEE A
(NN LN

Figure 3. Features summary of classical stemmers

OUR STEMMING APPROACH

Our stemming approach is characterized by: the use of n-grams of characters technique and the
extraction of the word root (Gadri & Moussaoui, 2015). In the experimental part, we have applied this
approach on three different languages which are: Arabic, English and French. The stemming process
can be divided into many phases:
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Phase 1: segmentation of the word subject of stemming, and all the candidate roots into bigrams (2-
grams). Table 2 describes the segmentation phase for three different words given in the three languages
presented above.

Table 2.
Description of the segmentation phase (Phase 1)
Language Word (W)/Bigrams List of roots (Ri)/Bigrams
Arabic 09284 Ri=“zca? = (x> &)
O ¢ 9 6 (38 iy Ro=“z A" = (zu« »)

Rsz“-‘ﬁ‘” 9 (.ﬁn ‘(.92‘)
RAZ“-\B‘;” 9 (ﬁ ¢ Lﬁ‘;)

French Connaissance R; = “command” =» (co, om, mm, ma, an, nd)
€O On nn na ai is ss sa an nc ce R2 = “avanc” = (av, va, an, nc)
Rs = “concev” = (co, on, nc, ce, ev)
R4 = “commenc” =» (co, om, mm, me, en, nc)
Rs = “connait” =» (co, on, nn, na, ai, it)
Re = “conclu” =» (co, on, nc, cl, lu)

English Transaction R; = “action” = (ac, ct, ti, io, on)
tr raan ns sa ac ct ti io on Rz = “extra” =» (ex, xt, tr, ra)
Rs = “intra” =» (in, nt, tr, ra)
R4 = “dict” = (di, ic, ct)

Phase 2: Computation of stemming parameters which are:

N,, : The size of the word W in number of bigrams.
N, : The size of the root R in number of bigrams N,,, : The number of common bigrams between the

word W and the root R;

Nz, - The number of bigrams belonging to the word W and do not belong to the root Ri (N,,z, = N,, —
NWRi)

Ngw - The number of bigrams belonging to the root Ri and do not belong to the word W(Ng iz = Np, —

NWRL')'

For the previous example we have the results shown in Table 3 below:

Table 3.
Computation of stemming parameters (phase 2)
Word(W) N, Associated roots R; Ng, wR; WR; Npg,
Uj-\ﬂﬁ 05 Rl — “@'.’”, RZ — “G)i” , , , ,
R3 — “_ﬁé”, R4 — “ﬁc” , , , ,
connaissance 11 R: = “command, R, = “avanc” , , ,

Rz =“concev”,R4= “commenc”

Rs = “connait”, Rs = “conclu”
transaction 10 Ri1= “action, R, = “extra”

Rs = “intra”, Ry = “dict”

NORPFPARODN
NNONDDMERNTE

NN O|=
PFNWNO RO

oo ~NL wul=
©owomwolR N o

AUOIOIONN
WhUUOoOMNN

Phase 3: Selection of candidate roots which are those sharing at least one bigram with the word W
(Nwg; = 1) among the predefined list of roots. In our previous example, we have obtained the results

stored in Table 4:
Table 4.
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Selection of candidate roots (phase 3)

Word(W) Nv  Associated roots Ri Np, Nug, Nur Npw
Oy 05 R3=“x Ry=‘“ac” 2,2 2,1 3,4 0,1
connaissance 11  R;=‘“command, Rs =“concev”, 6,5 2,4 9,7 4,1
R4= “commenc” , Rs = “connait”, 6, 6 2,5 9,6 4,1
Rs = “conclu” 5 3 2
transaction 10  R;= “action, R, = “extra” 5,4 52 5,8 0,2
Rs = “intra”, Ry = “dict” 4,3 2,1 8,9 2,2

Phase 4: Computation of the distance D (W, Ri) between the word W and each candidate root R;
according to the formula (4):

(4)

In the case of our previous example, we obtain the results shown in Table 5 as follows:

Table 5.

Computation of the distance D (W, Ri)

Word(W) N, Associated roots R; Ng,  Nwr,  Nur, New Dist.Val

D(W,R))

() sady 05 R3=‘“a R, =‘“xc” 2,2 2,1 3,4 0,1 0.4285,0.7142

connaissance 11  R;=‘“command, Rs =“concev”, 6,5 2,4 9,7 4,1 0,7647,05
R4=“commenc”, Rs= “connait”, 6,6 2,5 9,6 4,1 0,7647, 0,4117
Res = “conclu” 5 3 8 2 0,625

transaction 10  Ri;=“action, Ry = “extra” 54 52 58 0,2 0.3333,0.7142
Rs = “intra”, Ry = “dict” 4,3 2,1 8,9 2,2 0.7142,0.8461

Phase 5: assigning the root having the minimum value of distance D (W, Ri) to the word W.
In the previous example, the roots assigned to the given words are illustrated on Table 6:

Table 6.

Extraction of the word root (step 5)
Word (W) Extracted root(R) Effective root
09284 ad ab
connaissance connait connait
transaction action action

EXPERIMENTAL RESULTS AND INTERPRETATION

In order to validate the new proposed stemming approach, we have performed many experiments on
the three languages cited previously. These experiments were as follows:

Used Dataset

We have used for each language three corpora with different sizes: small corpus, middle corpus, and
large corpus (see Table 7). In each there exist three files as described below:

12



1. The file of derived forms (gross words) which contains several morphological forms of words derived
from a list of roots.

2. The file of roots containing a collection of roots, we note here that for Arabic language, these roots
may be: 3-lateral, 4-lateral, 5-lateral, and 6-lateral (see Table 8). We underline also that some of them
are vocalic roots which contain at least one vowel.

3.The file of golden roots containing the list of effective roots which may be matched to the words
present in each corpus, this golden list has been established by an expert linguist and used as reference
list, i.e., the calculation of the root extraction accuracy (success ratio) is done by comparison between
the list of obtained roots (extracted by the system) and the reference list (established by the expert), .
The extraction process and the obtained results are shown in Tables 9, 10 and 11 as well as figures 4,
5,6,7,8and9.

Table 7.
The Used Dataset
Corpus Language  Size of the derived words  Size of the roots Size of the
file file golden roots file
Small Arabic 50 25 50
corpus French 44 36 44
English 92 56 92
Middle Arabic 300 150 300
corpus French 250 220 250
English 450 180 450
Large Arabic 2000 650 2000
Corpus French 1500 600 1500
English 1500 620 1500
Table 8.
Examples of Arabic roots (3-lateral, 4-lateral, 5-lateral, 6-lateral)
Trilateral roots Qu‘adrilateral roots Quinquelateral roots Hexalateral roots
€00 BN Gl St
aa olel S Oy
e ple i) Gl sle)
s ok Jol )

Obtained Results

After applying our proposed stemming approach on the three languages: Arabic, French, English, we
obtained the results presented in the tables and figures bellow:
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Table 9.

Ilustration of the obtained results after the segmentation phase

Word(W) N-grams Nb.Ng Root N-grams Nb.Ng
(v,) (V)
Arabic
O salaly Ossepdde By 7 alide adde 3
Lol A ba a8 () 5 Laid) da gl A8 3 4
e sl A A ) Y X Gl (e 8 TR zo R 2
French
apprentissage  ap pp pr re en nt ti is ss sa ag 12 apprend ap pp prre ennd 6
ge
calculatrice caal lccuullaattrriicce 11 calcul caal lccuul 5
connaissance €O ON Nn na ai is ss sa an nc ce 11 connait  coon nnnaaift 6
English
bicycle biiccyycclle 6 cycle Cyycclle 4
transactions tr raan ns sa ac ct ti io on ns 11 action ac cttiioon 5
geopolitics Geeooppoolliittiiccs 10 geo Ge e0 2
Table 10.
Extraction of word roots using the new stemming approach.
Word (W) Nearest Roots Nb.Common Distance Values Extracted Correct
Ri Bigrams (v,z,) D(W, R)) Root Root
Arabic
Oy cale cale (WK 1¢1¢3¢2 0.77,0.77, 0.4, ale ale
e 0.6
S g 2 0.6 o g
French
Apprentissage Apprend, 4,1,2,1,2,1,2 0.55, 0.9, 0.78, apprend  apprend
assembl, assist, 0.89, 0.77, 0.9,
associ, assur, 0.78
autoris,
comprend
connaissance avanc, 3,2,3,4,3,4 0.64, 0.78, 0.68, concev connait
command, 0.57, 0.66, 0.57
commenc,
concev, conclu,
connait
English
transactions action, extra, 5221 0.28, 0.69, 0.69, action action
intra, dict 0.83
geopolitics Action, geo, 1,22 0.86, 0.66, 0.69 geo geo
poly
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Table 11.

Extraction of word roots: Global results.

Corpus Language Nb. Nb.Words Correct  Wrong Succes Error
Roots Results  Results Rate (%) Rate (%)
Small Ar 25 50 47 03 94,00 06,00
Corpus Fr 36 44 41 03 93,18 06,82
En 56 92 85 07 92,39 07,61
Middle Ar 150 300 235 65 78,33 21,67
Corpus Fr 220 250 217 33 86,80 13,20
En 180 450 411 39 91,33 08,67
Large Ar 650 2000 1643 357 82,15 17,85
Corpus Fr 600 1500 1173 327 78,20 21,80
En 620 1500 1327 173 88,46 11,54

2000
1800

1600
1400
1200
1000
800
600
400
i

Nb.Words Correct Results ~ Wrong Results

ESmall ® Middle Hlarge

Figure 4. lllustration of the obtained results in number of words (Arabic)

L1

Small Middle Large

100,00
90,00
80,00
70,00
60,00
50,00
40,00
30,00
20,00
10,00

0,00

M Success Rate (%)

B Error Rate (%)

Figure 5. Computation of success and error rates (Arabic)
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1400
1200
1000
800
600
400
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0
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Results

ESmall ® Middle mLarge

Figure 6. lllustration of the obtained results in number of words (French)
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80
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60
50
40
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Figure 7. Computation of success and error rates (French)
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Figure 8. lllustration of the obtained results in number of words (English)
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Small Middle Large

M Success Rate (%) M ErrorRate (%)

Figure 9. Computation of success and error rates (English)

Advantages of our Stemming Approach
Our new stemming approach has many advantages among them we can note the following:

1. It is language independent, so, we can apply it for many languages in the same time and without
modification (a multilingual approach), Which is not the case for the existing stemmers, for example
the Porter stemming framework “snowball” allows the researchers in different languages to develop
their own stemmers (section 3), but they must modify the basic algorithm to deal with the morphology
and grammatical rules of each language (a kind of language dependence).

2. Does not require any affix removal, where there is a real risk to remove some native letters of the
word instead of the affixes.

3. Valid for any length of Arabic root. (e.g., 3-lateral, 4-lateral, 5-lateral, and 6-lateral roots).

4. Works very well for vocalic and strong roots, these two classes of roots usually pose problems in
Arabic during their derivation, since they change their forms completely. We note here that no Arabic
stemmer covers this property.

5. It is mainly based on a simple calculation of distances (it is a full statistical stemmer). Thus, no
morphological rule or grammatical patterns are used during the extraction process.

6. It is a practical stemmer and then easy to implement.

7. Can be extended to lemmatization process.

DISCUSSION

In the first order, it seems important to underline that it was more interesting to establish a comparison
between our multilingual stemming approach and some existing ones, but this was not possible, for a
simple reason that all available stemmers are monolingual, i.e., each language has a set of stemmers
based on a distinct theoretical background and different degrees of performances. This let’s to conclude,
that the major advantage of our stemming approach is that it is more general and completely language
independent (Multilingual). On the other hand, we see on table 11, that the performance of stemming
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algorithm in our approach decreases when the words base increases. This can be interpreted by the fact
that the increasing of the words base must also be followed by the increasing of the roots base too. If
no, many words will not be associated with their roots in the golden list (reference list of roots). A
second remark that must be mentioned here, is the low value of accuracy related to Arabic stemming
comparing with English and French, this is due to the method used to segment words and roots into
bigrams of characters. For the method we have used in the present work, a bigram is obtained by
concatenation of two direct successive letters. This will deal with Latin languages such as: English and
French for which the root is a sequence of successive letters extracted from the beginning, the middle
or the end of the word itself. E.g., for English we can meet pairs (word, root) as follows: (Geography,
Geo), and the same for French (Confirmation, Confirm). This is completely different and will not deal
with Arabic whose root must be built with a series of letters which cannot mandatory be consecutive,
and consequently the number of common n-grams between the word and each candidate root decreases
as well as the distance between them. It is the major reason for which it will be a large divergence
between a word and its candidate roots.

as it is mentioned on the following examples: (<iS ,ilS) -(ale cWle), where roots are formed of no
consecutive letters. to overcome this problem, and so improve the stemming accuracy for Arabic, we
suggest the following segmentation method: to form sequences of bigrams when segmenting a word or
a root, we take all possible combinations of characters not only the pairs of successive ones: (e.g.,
;Lak;ec\ ‘ep (e ‘;d ‘Y‘(»J wt de cps cd:;)

COMPARISON WITH OTHER EXISTING STEMMERS

In this section, we establish a comparison of our proposed stemmer with some well-known stemmers
as follows (Table 12):

Table 12.

Comparison with existing stemmers

Stemmer

Type/Used
approach

Advantages

Disadvantages

Lovins stemmer

Porter stemmer

Paice/Husk
stemmer

Dawson stemmer

Krovetz stemmer

Truncating method
(Affixes removal)

Truncating method
(Affixes removal)

Truncating method
(Affixes removal)

Truncating method
(Affixes removal)

Inflectional &
derivational method

-Fast stemmer

- Simple pass

- Removal of double letters in
words

- Handles many irregular plural
words

-Produces best results of
stemming

- Less error rates

- Itis a light stemmer

- A simple stemmer

- Each iteration considers both
removal and replacement

-Covers a large list of suffixes

(1200)

-Fast in execution.

- It is a light stemmer.

- Can be used as pre-stemmer

- Time consuming

- Frequently fails to

form words from

stems

- Depends on the

used vocabulary

- Generated stems

are not always the

real words.

-Works on several

steps (05 steps).

- Consumes more

time.

- Heavy algorithm

- Over stemming is
possible

- enough complex

- no standard

implementation

-Not valid for

documents of large
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Youssef N et al
stemmer (Arabic)

Our proposed

Statistical method
(N-grams
approach)

Statistical method

for other stemmers.

- Based on bigrams and string
comparison

- does not require
morphological rules

- Language independent

- Multilingual stemmer.

sizes

-Enable to take care
of words outside the
lexicon

-does not produce
good results.

- Space consuming
-Time consuming.
-monolingual
stemmer (Arabic).

-Time consuming for

stemmer (An improved n- -Based on an improved n- big corpus.
grams approach) grams approach -Based on a
- does not require reference base of
morphological rules roots.

- Language independent

- For Arabic, it is valid for any
length of root. (3, 4, 5, 6-lateral
roots).

- works well for strong and
vocalic roots.

- it is practical and then easy to
implement.

- It can be applied for
lemmatization.

CONCLUSION AND FUTURE SUGGESTIONS

In the present paper, we have studied one of the most critical problems in linguistics and NLP areas
which is the problem of stemming and its direct influence on the quality of TC, IR, and many other
fields of research such as: NLP and text mining tasks. This linguistic technique can reduce the size of
terms vocabulary by 30 to 40% in TC, and increase the effectiveness of IRS. Throughout our article,
we presented the well-known approaches, namely: morphological methods (truncating methods),
statistical methods, and mixed methods that combine the two previous ones. For each class of methods,
we have exposed briefly the main advantages and disadvantages. In the light of the presented methods,
we proposed a multilingual stemming approach, which is characterized by: completely language
independent, based on a statistical approach which in turn use the technique of n-grams, does not require
any prior linguistic knowledge, having the capacity to find all kinds of roots (strong and vocalic), which
is very perfect for Arabic since it is considered as one of the richest languages, with a complex
morphology and a difficult structure. The realized experiments prove that the obtained accuracy when
extracting the root for the studied languages is very satisfactory and can be improved in other future
projects in the same field. Some of improvements that we can propose are as follows:

- Extend the present algorithm to lemmatization.

- Take in consideration other languages such as: German, Spanish, Turkish, etc.

- Apply our algorithm on other big datasets.

- Use another non-successive segmentation method for Arabic in order to accurate the extraction
of the root as it was explained in discussion section.

- Improve the success rate for the three languages by introducing semantic processing.

- Use the developed stemmer to increase the quality of multilingual categorization in TC, and the
effectiveness multilingual search in IR.
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