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Abstract

We explore and evaluate the effect of differ-
ent language-independent stemmers in informa-
tion retrieval (IR) tasks with Indian languages
such as Hindi, Gujarati, and English. The is-
sue was examined from two points of view.
Does language-independent stemmer improve
retrieval effectiveness in Indian languages IR?
Which language-independent stemmer is the
most suitable for different Indian languages? It
is observed that stemming enhances retrieval
efficiency in different Indian languages com-
pared to the no stemming approaches. Among
the different stemmers experimented with, the
co-occurrence-based stemmer (SNS) performs
the best and improves a mean average precision
(MAP) score by 2.98% in Hindi and 20.78%
in Gujarati languages, respectively, while the
graph-based stemmer (GRAS) performs the
best and improves a MAP score by 5.83% in
English.

1 Introduction

In a morphologically rich language, many words
go through different kinds of morphological inflec-
tions. Different stemmers have been proposed and
evaluated to deal with morphological inflections.
Stemming is a mechanism that transforms morpho-
logical variants of a word to their root form by strip-
ping suffixes and prefixes from the inflected word.
For example, ‘education’, ‘educating’, ‘educated’,
and ‘educational’ map to their root word ‘educate’.
In IR systems, stemming has two benefits. One,
stemming reduces index size significantly by con-
flating several terms. Two, it improves recall by re-
trieving a large number of potentially relevant doc-
uments Hull (1996). In the current state-of-the-art,
stemmers are broadly categorized into two types.
One is a rule-based stemmer (language-dependent),
and another is a statistical stemmer (language-
independent). In a language with good linguis-
tic resources, such as English, many rule-based
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stemming algorithms ( Porter (1980) and Lovins
(1968)) have been proposed and evaluated. The
drawback of rule-based stemmers is that they are
language-specific, i.e. a particular stemmer could
not be used in other languages. However, statis-
tical stemmers are more beneficial in a language
with unknown grammar rules and less availabil-
ity of linguistic resources. The main benefit of a
language-independent stemmer is that it does not
require any linguistic knowledge to implement it.

Different rule-based stemmers are proposed
and evaluated in different evaluation forums (e.g.,
CLEF!, TREC?, NTCIR® and FIRE* evaluation
campaign) for European, Asian and South Asian
languages. In addition to these evaluation cam-
paigns, different stemmers are proposed and eval-
uated in European and Asian languages. Savoy
(2006) proposed different rule-based light stem-
mers for European languages (French, Portuguese,
German, and Hungarian). They observed that stem-
ming improves retrieval performance in the IR do-
main. Dolamic and Savoy (2010) proposed a light
(inflectional) and aggressive (derivational) stemmer
in Bengali, Hindi and Marathi. They removed in-
flectional and derivational suffixes from nouns and
adjectives that frequently occurred. They observed
that the stemmer improves retrieval performance in
the IR domain.

In recent years, different language independent
stemmers (Goldsmith (2001), Xu and Croft (1998),
Paik et al. (2011a), Paik et al. (2011b)) have been
proposed and evaluated for European and few
Asian languages. (Majumder et al. (2007), Paik
etal. (2011b) and Paik et al. (2011a)) investigated
the effect of language-independent stemming tech-
niques in Indian (Bengali and Marathi) and Euro-

"http://www.clef-initiative.eu/
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3http://research.nii.ac jp/ntcir/
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pean (Hungarian, French, Czech and Bulgarian)
languages IR. They observed that the performance
of language-independent stemmers was compara-
ble to that of rule-based stemmers in different In-
dian and European languages. This study explores
and evaluates the effect of language-independent
stemmers in Indian languages IR.

We primarily explore the following research
questions (RQs).
RQ1: Does language-independent stemmer
improve retrieval performance in different Indian
languages IR? If yes, to what extent?
RQ2: Which language-independent stemmer is
the most suitable for different Indian languages?
Whether to use Yet another suffix stripper (YASS)
or fast-corpus-based (FCB) or co-occurrence-based
(SNS) or graph-based (GRAS), or Trunc-n-based
indexing?

Hence, we evaluated different language-
independent stemming strategies in Indian lan-
guages IR. Moreover, we suggest the best stem-
ming technique in the IR domain. The contribu-
tions of this article can be summarised as follows.

1. We investigated different language-
independent stemming strategies such
as FCB, SNS, GRAS, YASS, or Trunc-
n-based indexing in Indian languages
IR.

2. The effectiveness of different language-
independent stemming strategies is evaluated
and compared with no stemming approaches
in the IR domain.

3. Analysis has been done for different language-
independent stemming strategies and IR mod-
els and suggests the best stemming strategy
and IR model for different Indian languages.

The rest of the article is organized as follows.
Section 2 reviews the state-of-the-art techniques
related to stemming methods in the text analysis
domain. Section 3 describes the algorithm for im-
plementing language-independent stemmers in In-
dian languages. Different retrieval models are used
in the experimentation is described in section 4.
The statistic of the test collection is presented in
Section 5. Evaluation result and their analysis is
presented in section 6. Finally, we conclude with
directions for future work in section 7.

182

2 Related Work

Porter (1980) and Lovins (1968) are the two most
popular rule-based stemmers built in English. In
the Porter stemmer, the suffixes are truncated se-
quentially. Similarly, the Lovin stemmer removes
suffixes by implementing 35 rules. They looked at
294 suffixes, and the longest suffix was eliminated
at first. The Dawson (1974) stemmer worked like
the Lovin stemmer, but comprised a larger num-
ber of suffixes, that is, 1200. The Dawson stem-
mer is built to remove errors in the Lovin stemmer.
These rule-based stemmers improve retrieval per-
formance in the IR domain. Hull (1996) observed
that the stemmer performs moderately in English
and does not produce statistically significant results.
Many rule-based stemmers have been proposed and
evaluated in different low-resource languages. We
outline a few stemming techniques in the follow-
ing.

Recently, there has been a substantial growth
of Non-English languages on the Web. These
Non-English languages require an efficient pre-
processing technique to improve the performance
of an IR system. Hence, the researchers organized
different evaluation campaigns, proposed different
stemming techniques, and evaluated their effective-
ness in the IR domain. In the CLEF evaluation
campaign, Peters (2008) proposed different stem-
mers for European languages. Similarly, in the
NTCIR evaluation campaign, different stemmers
are presented and evaluated in Japanese, Korean,
and Chinese languages. FIRE > organized differ-
ent shared tasks and proposed different stemming
techniques for South Asian languages. The perfor-
mance of these stemmers is evaluated in the mono-
lingual and cross-lingual retrieval domain. Sahu
et al. (2023) evaluated the effect of the stopword
and stemming technique in Urdu IR. They found
that the stopword removal and stemming technique
improve the performance of an IR system. Sahu
and Pal (2023) built a text collection for Sanskrit
and evaluated different stemming strategies in the
text analysis domain. They observed that different
pre-processing strategies improve the performance
of the Sanskrit NLP and IR domain.

Since a rule-based stemmer could not be used in
different languages, various researchers presented
language-independent stemmers ( Xu and Croft
(1998), Goldsmith (2001), Majumder et al. (2007))
and evaluated their effectiveness in different lan-

3forum for information retrieval evaluation



guages. They showed that language-independent
stemmers offer comparable performance to rule-
based stemmers in the IR domain. Mayfield and
McNamee (2003) proposed an n-gram-based stem-
ming technique in European languages. They ob-
served that 4-gram provides the best performance
in European languages. The major drawback of
the n-gram approach is the size of the inverted in-
dex. This approach substantially expands the index
size, which increases query processing time. The
4-gram model takes ten times more processing time
than word-based retrieval. Buckley et al. (1995) ob-
served that without knowledge of a language, an ex-
cellent stemmer could be constructed by analyzing
the lexicon and most common suffixes. They pro-
posed a stemmer in the Spanish text by observing
the lexicographical similarities between the words.

Based on the above findings, we conclude that
stemming improves retrieval effectiveness in Eu-
ropean, Asian, and South Asian languages. How-
ever, the effect of language-independent stemming
strategies in Indian languages has been less ex-
plored. This work explores the effect of language-
independent stemming strategies in low-resource
Indian languages IR. These findings may be helpful
for other languages rich in morphology. Our evalu-
ation strategy is in line with the earlier work of Ma-
jumder et al. (2007), Paik and Parui (2011), Paik
et al. (2011b), Paik et al. (2011a), Silvello et al.
(2018). In particular, we evaluate the follow-
ing language-independent stemmers in Indian lan-
guages.

3 Different stemming approaches

In recent years, language-independent stemmers
have performed similarly to rule-based stemmers
in different languages. The primary benefit of
a language-independent stemmer is that it does
not require any linguistic knowledge to imple-
ment. Hence, we evaluated the following language-
independent stemmers in low-resource languages
from an IR perspective.

3.1 Yet Another Suffix Stripper (YASS)

Majumder et al. (2007) proposed a clustering-
based stemmer for morphologically rich low-
resource languages. We implemented the stemming
technique using the algorithm 1.
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Algorithm 1 Yet another suffix stripper

1. Word (W) « list of tokens (w1, wa, ..., Wy),

. Word (W) < list of stemmed words

. They define four types of string distance mea-
sure Dy, Dy, D3 and Dy for clustering the lexi-
con

. We use D3 as string distance measure for clus-
tering the lexicon because it yields the least
significant difference in retrieval performance
at different threshold values

. For given two words in the lexicon X and Y,
if ‘x’ is the maximum length of X and Y and
‘y’ is an index of the first mismatch between
X and Y, then D3 is defined as : D3(X,Y) =
r—y+1 % Zx 1

y i=y 2i-=
. To identify morphologically similar terms, a
complete linkage clustering algorithm is used

. During clustering, we experimented with dif-
ferent threshold values (), and the best MAP
score obtained at a particular threshold value
is noted down in Section 6

. Compared the MAP score of D3 based stem-
ming approach with baseline (no stemming
approach).

3.2 Fast corpus-based Stemmer (FCB)

Paik and Parui (2011) proposed a statistical stem-
mer that uses the suffix frequency to produce a root
word. We implement the stemming strategy using
the algorithm 2.



Algorithm 2 Fast corpus-based stemmer

Algorithm 3 A co-occurrence based stemmer

1. Word (W) « list of tokens (w1, wa, ..., Wy),

2. Word (W) < list of stemmed words

3. Based on the common prefix and potential
suffix information, they categorize the words
into the k-equivalence class

4. If the suffix frequency exceeds a cut-off
threshold («v), it is referred to as a potential
suffix (3)

5. The longest common prefix of each equiva-
lence class is treated as a possible stem or root
word for the class

6. The ratio of the size of the potential class to
the size of the generated class determines the
strength of the prefix

7. If the evaluated ratio exceeds a specified
threshold ¢, the longest prefix of the class is
treated as a valid stem. Otherwise, a better
stem is found by applying the above process
iteratively

8. Compared the MAP score of FCB V-1 based
stemming approach with baseline (no stem-
ming technique).

Paik and Parui (2011) shows that k{=3 and k,=2
provide best retrieval performance in the Indian lan-
guages IR. Hence, in this study, we experimented
with different values of k;, ko and 6. Our evaluation
technique aligns with the previous work of Silvello
et al. (2018).

3.3 Co-occurrence based stemmer (SNS)

Paik et al. (2011b) proposed a statistical stemmer

based on the co-occurrence statistics in the cor-
pus. We implemented the SNS stemmer using the
algorithm 3.
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. Word (W) < list of tokens (w1, wo, ..., W),
. Word (W) < list of stemmed words

. Determine the co-occurrence strength of word
pairs

. Using neighbours re-calculate the co-
occurrence strength

. The words are grouped according to
their newly determined co-occurrence
strength. The co-occurrence of
two words, a and b, is defined as:

CO(Q, b) = ZdEC min(tfa,d, tfb’d)
where d represents document and tf,, 4 the term
frequency of term p in d

. The words are now mapped into a weighted
undirected graph, in which each word says w;
and w; are represented as a node, and they are
connected by an edge (w;, wy) with weight
CO( wq, wp) if it satisfies at least one of these
two conditions:

(i) CO(wq, wp) > 0; and

(ii) Length of common prefix between w; and
w is at least L, (Here L{=3) along with the
suffixes which are suffix of more than one
co-occurring words after removal of longest
common prefix larger than L, (Here L, > 5)

. If both the words co-occur with other
words, then we re-calculate the co-occurrence
strength by the following equation

RCO(a,b) = CO(a,b) +
ZceNab min(CO(a,c),CO(c,b)) 0.5

Where N, ;, denotes the set of common neigh-
bours of a and b

. The strong edges will be kept, while the weak
edges will be removed. The stem is the longest
prefix among the connected components of
the graph

. Compared the MAP score of the co-
occurrence-based stemming approach with
the baseline (no stemming approach).




3.4 Graph based (GRAS) stemmer

Paik et al. (2011a) presented a statistical stemmer

Table 1: Different parameters used for stemming
method evaluation

specifically for highly inflectional languages. The YASS L:gz VA [ SNS | GRAS | Truncn
GRAS stemmer is used in different text analysis Hindi 0=15 | ko=2, t; :g I&f R
tasks because of less computational effort, effec- 6 =07
tiveness in retrieval, and language-independent na- =2, Li=5, | L=7
: ) guag p . Gujarati | 6 =0.6 | ke=2, S R
ture. We implemented the GRAS stemmer using §=0.6 2= >~
the algorithm 4. ki=7, - _
£ English | 6 =1.55 | ke=2, t“g =8 6 | ©
§=06 | 27 |7
Algorithm 4 GRAS Stemmer
where

1. Word (W) <« list of tokens (wy, wo, ..., wy),

2. Word (W) < list of stemmed words

3. GRAS identifies the word partitions sharing
using an L-long prefix. Where L is the average
word length of the language

4. We identify and save the n-frequent suffix pair-
ings for each common prefix. A large value
of 1) causes the omission of many valid suf-
fix pairs; hence a low 7 value is safer. Here,
we use 1 =1 to avoid omission of valid suffix
pairs

5. A graph is constructed, where each node rep-
resents a word, and each edge represents the
morphological link between two words

6. The words are divided into many equivalence
groups. The morphological relationship be-
tween word and pivot is determined by the
cohesion value ()

7. If a large number of edges are connected to
a node, then it is treated as a pivot node or
stems

8. Compared the MAP score of the graph-based
stemming approach with the baseline (no
stemming technique).

We also evaluate language-independent index-
ing strategies, that is, Trunc-n (truncation of the
first n letters). The trunc-4 truncates the first four
letters (e.g., ‘educated’ provides ‘educ’). The best
MAP score obtained by stemming techniques for
different languages with different parameters and
‘n’ values is shown in Table 1.

0, a, 6 : Threshold taken by different stemmers
k; : Initial prefix length
k; : Final prefix length
L : Average word length of the language
Ly, L, : Length of common prefix

4 Information Retrieval Framework

We used different document weighting and rank-
ing models supported by Terrier © retrieval system
to evaluate the effectiveness of stemming meth-
ods. Terrier supports various IR models, such as
probabilistic, DFR-based, and language models.
This experiment used probabilistic retrieval models
(BM25 and TF-IDF), DFR-based retrieval mod-
els (BB2, InL2, IFB2), and the Hiemstra language
model.

5 Test Collection

We experimented with different Indian language
test collections. The test collections are part of
the FIRE 7 evaluation campaign. The collections
mainly consist of news articles extracted from dif-
ferent archives. Table 2 shows the statistics of
different test collections. In the collections, both
topics and documents use the UTF-8 encoding sys-
tem. This experiment considers only the query’s
title (T) section.

Table 2: Shows the statistics of the text collection

Collection Size Number of Numlber of
documents | queries

Hindi 1.3GB | 331608 50

Gujarati 22GB | 313163 50

English 1.1GB | 392577 50

Shttp://terrier.org/
"http://fire.irsi.res.in/fire/static/data




Table 3: Retrieval results in Hindi 2011 text collection (50 T queries)

J Parameter — R.M. — | BM25 | TF-IDF | BB2 InL2 IFB2 LM
Base line | MAP 0.4444 | 0.4455 | 0.3746 | 0.3909 | 0.3724 | 0.405
Rel Ret. 1683 1679 1659 1654 1664 1667
YASS MAP 0.442 | 0.446 0.3773 | 0.3785 | 0.3675 | 0.3989
Rel Ret. 1764 1762 1729 1735 1731 1730
FCB V-1 | MAP 0.4476 | 0.4488 | 0.3767 | 0.3939 | 0.3746 | 0.4081
Rel Ret. 1725 1720 1703 1700 1708 1708
SNS MAP 0.4483 | 0.4588 | 0.3798 | 0.3945 | 0.3808 | 0.4092
Rel Ret. 1745 1742 1732 1724 1728 1712
GRAS MAP 0.4495 | 0.4505 | 0.3692 | 0.3815 | 0.3661 | 0.3995
Rel.Ret. 1759 1755 1735 1741 1740 1736
Trunc-n | MAP 0.4543 | 0.4561 | 0.376 | 0.3879 | 0.3729 | 0.409
Rel Ret. 1749 1744 1733 1725 1735 1706

6 Evaluation

In the first set of experiments, we evaluate the ef-
fect of different language-independent stemming
techniques in Indian languages IR. In Hindi, MAP,
and the relevant documents retrieved in the base-
line and different language-independent stemming
methods are shown in Table 3. We conduct sim-
ilar experiments for the other Indian languages:
Gujarati and English, as shown in Table 4, and
5 respectively. It is observed that different stem-
ming techniques improve MAP scores in Indian
languages IR. The best performance by a stem-
ming approach is shown in boldface. The SNS
stemmer provides the best MAP score in Hindi and
Gujarati. However, the GRAS stemmer provides
the best MAP score in English. The trunc-n-based
indexing strategy offers similar performance to the
SNS stemmer in Hindi and Gujarati. Moreover, the
GRAS stemmer provides comparable performance
in English. During the evaluation of different re-
trieval models, we observed that the probabilistic
retrieval models (BM25 and TF-IDF) give the best
retrieval performance in Hindi, Gujarati and En-
glish. The DFR-based retrieval models (BB2, InL2,
and IFB2) exhibit poor performance in Indian lan-
guages IR.

We perform a query-by-query analysis to get
more insight into the effect of stemming in Indian
languages. Here, we consider the best retrieval
models and stemming approaches for Indian lan-
guages. We consider the SNS stemmer for Hindi
and Gujarati languages and the GRAS stemmer
for English. In closer observation, we found that
stemming improves performance for 35 topics in
Hindi and reduces performance for 15 topics. The
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Figure 1: A query by query evaluation in Hindi by SNS
stemmer in TF-IDF model
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Figure 2: A query by query evaluation in Gujarati by
SNS stemmer in InL.2 model

performance of each query is shown in Fig. 1. Like-
wise, in Gujarati and English, stemming improves
performance in 38, and 32 topics, respectively, and
reduces performance in 8, and 12 topics. The per-
centage changes in performance due to stemming
at the per-query level are shown in Fig 2, and 3.
From query-by-query analysis, we also observed
that the stemming performs better in Gujarati, and
English than in Hindi.

During the experimentation of different
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Table 4: Retrieval results in Gujarati 2011 text collection (50 T queries)

J Parameter — R.M. — | BM25 | TF-IDF | BB2 InL2 IFB2 LM
Base line | MAP 0.24 0.2399 | 0.2041 | 0.1992 | 0.2021 | 0.2095
Rel.Ret. 1315 1308 1278 1270 1274 1289
YASS MAP 0.2464 | 0.2463 | 0.2116 | 0.2057 | 0.2077 | 0.2137
Rel.Ret. 1320 1311 1280 1279 1276 1287
FCB V-1 | MAP 0.2423 | 0.2404 | 0.2056 | 0.1998 | 0.2031 | 0.2105
Rel.Ret. 1337 1331 1292 1290 1296 1313
SNS MAP 0.2647 | 0.2643 | 0.2385 | 0.2406 | 0.2342 | 0.2335
Rel.Ret. 1359 1357 1343 1325 1336 1338
GRAS MAP 0.2443 | 0.2439 | 0.2125 | 0.2167 | 0.2105 | 0.2184
Rel.Ret. 1349 1342 1321 1305 1314 1329
Trunc-n | MAP 0.2579 | 0.2578 | 0.2282 | 0.2331 | 0.2246 | 0.2282
Rel.Ret. 1360 1356 1342 1330 1333 1341
Table 5: Retrieval results in English 2011 text collection (50 T queries)
J Parameter — R.M. — | BM25 | TF-IDF | BB2 InL2 IFB2 LM
Base line | MAP 0.2975 | 0.2981 | 0.2686 | 0.2633 | 0.2615 | 0.2543
Rel Ret. 2236 2232 2210 2204 2210 2182
YASS MAP 0.3122 | 0.3133 | 0.2837 | 0.2769 | 0.2745 | 0.2652
Rel.Ret. 2337 2337 2338 2312 2338 2278
FCB V-1 | MAP 0.3012 | 0.302 0.2723 | 0.2662 | 0.2651 | 0.257
Rel Ret. 2278 2277 2268 2249 2269 2221
SNS MAP 0.3068 | 0.3065 | 0.2753 | 0.2709 | 0.2734 | 0.2611
Rel.Ret. 2278 2279 2250 2240 2249 2224
GRAS MAP 0.3145 | 0.3155 | 0.2849 | 0.2796 | 0.2763 | 0.2661
Rel.Ret. 2310 2311 2294 2280 2290 2248
Trunc-n | MAP 0.3155 | 0.3164 | 0.2858 | 0.2818 | 0.2772 | 0.267
Rel.Ret. 2309 2310 2295 2277 2290 2247
language-independent stemmers (shown in 7 Conclusion

Table 3, 4, and 5), we observe that stemming
improves retrieval performance in different Indian
languages IR. On closer observation, we found
that the effect of stemming varies in different
Indian languages. The SNS stemmer performs
best and improves a MAP score of 2.98% in
Hindi, 20.78% in Gujarati IR. Similarly, the GRAS
stemmer performs best and improves a MAP score
of 5.83% in English IR. Among the different stem-
ming techniques experimented with, the GRAS
stemmer required less computational effort and
performed best in different Indian languages. We
conclude that the language-independent stemmer
improves retrieval performance in different Indian
languages IR. This observation is similar to the
findings in other Indian and European languages
by (Majumder et al., 2007) and (Paik and Parui,
2011).

Stemming is an essential preprocessing step in
the IR system. The above experiments show that
stemming improves retrieval performance in dif-
ferent Indian languages compared to the baseline
approach (no stemming). Different stemming tech-
niques perform best in Gujarati and English lan-
guages. However, the stemming technique pro-
vides a relatively poor performance in Hindi. The
SNS stemmer performs best in Hindi and Gujarati,
whereas the GRAS stemmer performs best in En-
glish. The trunc-n-based indexing strategy per-
forms similarly to the best-stemming approaches
in different Indian languages. During the evalua-
tion of the retrieval models, we observe that the
probabilistic retrieval models (BM25 and TF-IDF)
perform best in Hindi, Gujarati and English lan-
guages. The DFR-based retrieval models provide
poor performance in different Indian languages.
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Figure 3: A query by query evaluation in English by GRAS stemmer in TF-IDF model

Although the effect of stemming is thoroughly in-
vestigated in the Indo-European language family,
it is less explored in the Dravidian language family.
India has significant native speakers in Dravidian
languages such as Telugu, Tamil, Kannada, and
Malayalam. So, it will be interesting to explore
the effect of different stemming techniques in the
Dravidian language family in the future. Moreover,
one can also study the impact of different machine
learning-based and deep learning-based stemming
techniques in different Indian and European lan-
guages IR.
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