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Abstract

We have implemented a root-extraction stemmer for Ara-
bic which is similar to the Khoja stemmer but without a root
dictionary. Our stemmer was found to perform equivalently
to the Khoja stemmer as well as so-called “light” stemmers
in monolingual document retrieval tasks performed on the
Arabic Trec-2001 collection. A root dictionary, therefore,
does not improve Arabic monolingual document retrieval.

1 Introduction

The two most successful approaches to Arabic stemming
have been a root-extraction stemmer developed by Khoja[9]
and a “light” affix removing stemmer developed by Larkey
et al.[10, 11]. Larkey et al. have shown that the Khoja
and Light stemmers, as well as co-occurrence analysis-aided
stemmers, perform information retrieval tasks with statisti-
cally equivalent precision.[10]

We show that a root-extraction stemmer similar to
Khoja’s can be constructed without some of the short-
comings of that stemmer. Most obviously our stemmer
does not require a root dictionary which can be difficult to
maintain. Our stemmer was shown to be just as effective as
the Khoja stemmer for information retrieval tasks.

Section 2 presents basic concepts concerning stemming
in general and the Arabic stemming problem in particular.
Previous work on Arabic Stemming is discussed in section 3
along with a brief presentation of the algorthm used in the
Khoja stemmer. Our Arabic stemmer is presented in sec-
tion 4. (The complete algorithm is listed in Appendix A.)
We describe and evaluate our experiments in section 5. Fi-
nally, we present our conclusions and prospects for future
work in section 6.

2 Background

A stemmer for the context of this paper is an automatic
process in which morphological variants of terms are
mapped to a single representative string called a stem.
More specifically we will be focusing on the stemming
approach called affix removal as opposed to the n-gram,
successor variety, and table lookup stemmers which were
offered as alternatives in Frakes’ seminal work.[6]

Arabic belongs to the Semitic family of languages which
also includes Hebrew and Aramaic. Since morphological
change in Arabic results from the addition of prefixes and
infixes as well as suffixes, simple removal of suffixes is not
as effective for Arabic as it is for English. Language inde-
pendent stemmers which focus on suffix removal are there-
fore unlikely to prove useful for Arabic.[10]

3 Previous Work

Based on the work of Al-Fedaghi[1], Al-Shalabi[2], and
Bellaachia[3], Khoja and Garside produced an effective
root-extracting stemmer.[9]

The Khoja stemmer follows this procedure:

1. Remove diacritics representing vowelization.
. Remove stopwords, punctuation, and numbers.

. Remove definite article ( JI ).

. Remove suffixes.

2
3
4. Remove inseparable conjunction ( 4 ).
5
6. Remove prefixes.

7

. Match result against a list of patterns. If a match is
found, extract the characters in the pattern representing
the root.

8. Match the extracted root against a list of known “valid”
roots.



9. Replace weak letters 55/ with 4
10. Replace all occurrences of hamza ¢« (s s with

11. Two letter roots are checked to see if they should con-
tain a double character. If so, the character is added to
the root.

However, the Khoja stemmer has several weaknesses.
First, the root dictionary requires maintenance to guarantee
newly discovered words are correctly stemmed.

Second, the Khoja stemmer replaces a weak letter (in
step 9 above) with s which occasionally produces a root that
is not related to the original word. For example, the word
& Lelats (containers) is stemmed to Lk (he was thirsty) in-
stead of aks. Here the Khoja stemmer removed part of the
root when it removed the prefix and then added a hamza at
the end.

Third, by following a certain order of affixes, the Khoja
stemmer will in some cases fail to remove all of them. For
example, the terms 3 xi.s and 43S, are not stemmed al-
though they are respectively derived from the two regular
roots 3¢ and S,

4 ISRI Arabic Stemmer Algorithm

The Information Science Research Institute’s (ISRI) Ara-
bic stemmer shares many features with the Khoja stemmer.
However, the main difference is that no root dictionary is
used.

To begin our description of our stemmer, we define sets of
diacritical marks and affix classes in figure 1. These are sets
of marks which are removed by the stemmer. (Note, how-
ever, that the . is of course not a diacritical mark and is
only listed in set D as an example consonant to which di-
acritics are applied.) We must also define some pattern sets
in figure 2.

A complete description of the algorithm appears in Ap-
pendix A. Here we provide a more general overview of the
stemmer. Stemming proceeds in the following steps:

1. Remove diacritics representing vowels.

2. Normalize the hamza which appears in several distinct
forms in combination with various letters to one form
(7). This step is necessary in order to ensure terms such
as J<as (he is eating) and JS51 (it is eaten) conflate to the
same root after their prefixes are removed.

3. Remove length three and length two prefixes in that or-
der.

4. Remove connector 4 if it precedes a word beginning
with 9

5. Normalize T .7 .Jto |. Removing the hamza in this
case does not affect the root.

6. Return stem if less than or equal to three. Attempting
to shorten stems further results in ambiguous stems.

7. Consider four cases depending on length of the word:

(a) Length = 4: If the word matches one of the pat-
terns from PR4 (figure 2), extract the relevant
stem and return. Otherwise, attempt to remove
length-one suffixes and prefixes from S1 and P1
in that order provided the word is not less than
length three.

(b) Length = 5: Extract stems with three characters
for words that match patterns from PR53. If
none are matched, attempt to remove suffixes and
prefixes, otherwise the relevant length-three stem
is returned. If the word is still five characters in
length, the word is matched against P R54 to de-
termine if it contains any stems of length 4. The
relevant stem is returned if found.

(c) Length = 6. Extract stems of length three if the
word matches a pattern from PR63. Otherwise,
attempt to remove suffixes. If a suffix is removed
and a resulting term of length five results, send the
word back through step 7b. Otherwise, attempt to
remove one character prefixes, and if successful,
send the resulting length-five term to step 7b.

(d) Length = 7. Attempt to remove one-character
suffixes and prefixes. If successful, send the re-
sulting length-six term to step 7c.

Step 7 essentially takes longer words and successively at-
tempts to trim single-character affixes. If successful, it
compares the resulting shorter term with various patterns at
different levels until it either matches a pattern and extracts
the relevant term, or becomes too short to be a viable stem.

S Experiments

We evaluated our stemmer in terms of its effectiveness for
document retrieval. Specifically we applied four stemmers
to the Arabic Trec 2001 collection.[7]

The TREC collection consists of 383,872 Arabic news
stories. Of these 18,759 have ground truth for 25 arabic
queries. The ground truth set was split into two equal sets:
a training and test set.

The retrieval algorithm used belongs to the family of
retrieval approaches called language modeling which have
shown promising results compared to traditional retrieval
engines.[12, 4] We used the following formula which de-
rives from the work of Hiemstra and which has proven



set H description | examples
PR4 length four patterns Jade Joad Jld s Jeas Jels
PR53 || length five patterns ads Usad plad Ui Je bl Jladl Jansl Jelss
and length three roots | dadl Juxde Jlade Jelsd Joeld Jordo dnde Juads
Jaids Jaids polad Jolio Aol Jaido Jadio Jilad
Jasl Jlas
PR54 || length five patterns Hld dlas dlas Jlage Jlasl Jlass
and length four roots
PR63 || length six patterns Jadiiie Jadil Jegadl Jlasdl dlade Jadiiul
and length three roots
PR64 || length six patterns Jlaiis Jolasl Ll
and length four roots

Figure 2. Arabic Patterns and Roots

set || description | examples

D diacritics-vowelizations | Lu Lu s L
o o o o

P3 || prefixes of length three | JL (JK& Jly <Jls

P2 || length two prefixes JJl

P1 || length one prefixes 5 cou B o o
| c[) S 5

S3 || length three suffixes ol Jed (Jas

S2 || length two suffixes O o) el oy
Lo S o
Sl b b
&A lo ¢ IJ ‘L_é_.’

S1 || length one suffixes Ol e Segendd

Figure 1. Affix Sets

effective to us for the retrieval of Farsi documents.[8, 13]
The rank of a each document for a given query is given by
the formula:

rank(d) = log (Zt tf(t,d))+
z,:lzl log <1 + ( Xitf(ti,d)(zt df(t)) ) (1)

1=Xi)df (t:) (), tf (,d))

The term frequency tf(t,T;) is the number of unique
terms ¢ in a document d. The document frequency df (t)
is the number of training documents in which a term ¢ ap-
pears. The weight A\, which represents the likelihood that a
term will be relevant to a query as opposed to being merely
a background term, must be determined experimentally.

Retrieval effectiveness is measured by the usual precision
and recall formulas. Recall is the number of relevant docu-
ments retrieved divided by the total number of relevant doc-
uments. Precision is the number of relevant documents re-
trieved at a given point divided by the total number of re-

trieved documents.[14]

We compared three approaches to stemming Arabic
words, Khoja, ISRI, and Light, with not stemming (No
Stem). The Light stemmer removed affixes from the sets in
figure 1 without attempting to match patterns from figure 2.
In each case stopwords from a list included with the Khoja
stemmer were removed.

The TREC collection contained 25 queries, and each
query had three formats: title, description, and narrative.
These differed in terms of length. The fitle queries were
short with an average length of 5 words and ranged from
2 to 9 words. Description queries were longer at about 12
words per query ranging from 6 to 24 words. Finally, narra-
tive queries averaged 30 words and ranged from a minimum
of 13 words to a maximum of 85 words.

The documents with ground truth were divided into test
and training sets with 50% of the documents placed in each.
The training set was necessary to determine the optimal
value for A in formula (1). For each stemming type, includ-
ing the case of no stemming, a greedy search algorithm was
used to determine at which X value the highest average pre-
cision was obtained using an index built from the training
documents. The description query set was used for this task.

Figure 3 gives precision values on the eleven point recall
scale. Results for each of the four stemming methods are
shown for each of the query types: where ¢ stands for the
short, title queries, d for the description queries, and n for
the longer, narrative queries. A summary of the averages ap-
pears in figure 4. Graphs of the eleven-point averages for the
title, description, and narrative queries appear respectively
in figures 5, 6, and 7.

Figure 4 seems to indicate that the ISRI stemmer per-
forms better than the other approaches on the shorter title
queries. A closer look at figure 5 shows that the light stem-
mer actually outpaces the ISRI stemmer at the lowest recall
values. Since the more highly ranked documents are repre-
sented at the lower recall values, this means that the light



Recall Khoja ISRI Light NoStem
t d n t d n t d n t d n
0.00 1.000 1.000 0.837 | 1.000 0.993 0.909 | 1.000 0.973 0.912 | 1.000 0.828 0.583
0.10 0.903 0.866 0.548 | 0.918 0.807 0.541 | 0.940 0.789 0.603 | 0.795 0.502 0.229
0.20 0.805 0.758 0.426 | 0.827 0.705 0.433 | 0.823 0.685 0.452 | 0.693 0.366 0.173
0.30 0.694 0.659 0.352 | 0.728 0.610 0.341 | 0.714 0.591 0.353 | 0.534 0.282 0.140
0.40 0.585 0.544 0.280 | 0.600 0.508 0.269 | 0.590 0.492 0.270 | 0.383 0.214 0.114
0.50 0.468 0.419 0.218 | 0472 0.391 0.206 | 0.460 0.371 0.207 | 0.248 0.164 0.093
0.60 0.338 0302 0.167 | 0.344 0.283 0.153 | 0.327 0.262 0.155 | 0.159 0.115 0.079
0.70 0.181 0.185 0.116 | 0.211 0.186 0.109 | 0.201 0.175 0.113 | 0.103 0.088 0.067
0.80 0.090 0.113 0.080 | 0.124 0.113 0.081 | 0.113 0.107 0.080 | 0.073 0.067 0.058
0.90 0.034 0.049 0.056 | 0.051 0.066 0.059 | 0.047 0.063 0.058 | 0.056 0.055 0.053
1.00 0.000 0.000 0.000 | 0.002 0.004 0.004 | 0.002 0.004 0.004 | 0.007 0.007 0.007
| Average | 0.463 0.445 0.280 | 0.480 0.424 0.282 | 0474 0.410 0.291 | 0.368 0.244 0.145

Figure 3. Eleven Point Precision Results

Stemmer || title  description narrative
No Stem || 0.368 0.244 0.145
Light 0.474 0.410 0.291
Khoja 0.463 0.445 0.280
ISRI 0.480 0.424 0.282

Figure 4. Average Precision for Stemming
Types

stemmer has a higher precision for the higher ranked doc-
uments, which are the documents most likely to be viewed
by users.

Statistical analysis of the results, however, reveals in the
six lower recall values (0.00-0.50) that the Khoja, ISRI, and
Light stemmer essentially are equally effective on all three
query types. A Willcoxon non-parametric rank sum test
of the equality of the population medians over the eleven
point precision scores showed that the Khoja, ISRI, and
Light stemmers do not significantly outperform one another
for any of the queries.[5] For the description and narra-
tive queries, stemming made a difference: the Khoja, ISRI,
and Light stemmers were significantly better than not stem-
ming. Rather surprising was the result that for the shortest,
title queries, the Willcoxon test showed that no stemmer was
significantly better than not stemming (at p = 0.05). How-
ever, at recall values 0.10-0.50, all three stemmers are better
than not stemming with an p = 0.10.

6 Conclusion and Future Work

Our testing showed that stem lists are not required in an
Arabic Stemmer. Hence a stemmer with the stem lists one
finds in the Khoja stemmer functions as well on document
retrieval as one without.

Consistent with the findings of Larkey et al., we found
that overall a light stemmer which removes affixes with-
out pattern checking performs document retrieval as well as
more complex stemmers, such as ours with its pattern check-
ing and the Khoja stemmer with both pattern checking and
stem lists.

These results seem to indicate that finding the “true”
grammatical root of a term should not be the goal of a stem-
mer for document retrieval. Identifying a sufficiently large
list of roots as well as maintaining that list as a language
changes do not appear to be worth the effort and expense.

Of course, a root-finding program for Arabic, as well as
for other languages in which tense, mood, etc., are marked
by prefix changes, are useful. Arabic dictionaries list roots,
and one must know the prefix-free root in order to find a
definition.[9] Whether a root list is necessary for such pur-
poses or not is still an open question and one we would like
to pursue.
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A Appendix: Complete Algorithm

A.1 Helper Functions

o word-4(W):

1. For first p € PR4 such that p C W return ex-
tract(W).

2. Do short-suffix(W).
3. If len(W) = 4 do short-prefix(W).

e word-5(W)



1. For first p € PR53 such that p C W return ex- 8. (a) if len(W) = 4 then do word-4(W)

tract(W). (b) else if len(W) = 5 do word-5(W)
2. Do short-suffix(W). (c) else if len(W) = 6 do word-6(W)
3. If len(W) = 4 do word-4(W) () else if len(W) = 7
4. else i. do short-suffix(W).
(a) do short-prefix(W) ii. if len(W) = 6 do word-6(W) else
(b) if len(W) = 4 do word-4(W) A. Do short-prefix(W).
(c) otherwise, if len(W) = 5, for first p € B. If len(W) = 6 do word-6(W).

PRb54 s.t. p C W return extract(W).
9. Return W.
e word-6(W)

1. For first p € PR63 st. p C W, return ex-
tract(W).
2. Do short-suffix(W).
3. If len(W) = 5 then do word-5(W)
4. otherwise
(a) do short-prefix(W).
(b) if len(W) = 5 do word-5(W).
(c) otherwise, iflen(W) = 6 forany p € PR64
s.t. p C W return extract(W).

e short-suffix(W)

1. Forfirsts € S1st. sCW, W =W —s.
2. Return W.

e short-prefix(W)
1. Forfirstpe Plst. pC W, W =W —p.
2. Return W.

A.2 Main algorithm

For every word W
1. Remove all d € D from W
2. Normalize ¢« (sc 5 to

3. If len(W) > 6, for firstp € P3st. p C W, W =
W —p,elseiflen(W) > 5, forfirstp € P2s.t. p C W,
W=W —np.

4. If len(W) > 6, for first s € S3st. s C W, W =
W — S3. else if len(W) > 5, for first s € S2 s.t.
sCW, W=W —s.

5. If len(W) > 4 and initial characters of W are 4, re-
move initial .

6. Normalize initial character T .7 . to | if necessary.

7. if len(W) < 3 return W.



