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Abstract. One of the major forms of pre-processing in information retrieval
and many other text processing applications is filtering out stopwords. They are
ignored by many retrieval systems during indexing and retrieval in order to enhance
retrieval effectiveness and efficiency. The aim of this paper is to present the con-
struction of morpheme-based Amharic stopwords and investigate their effect on
information retrieval tasks. The stopword list is constructed based on the semantics
of Ambharic words and corpus statistics: frequency, mean, variance, and entropy
parameters. The stopword list is evaluated using Lemur on Amharic information
retrieval test collection. Removal of stopwords has shown significant impact on
retrieval effectiveness, size of index and term weighting of non-stopwords. On
the other hand, their presence in index and query negatively affects the retrieval
effectiveness of Ambharic retrieval system. The average precisions of retrieving
with and without stopwords using language modeling on root-based approach are
0.24 and 0.70, respectively.

Keywords: Morphological analysis - Corpus statistics - Semantics -
Complex-language - Amharic - Stopword

1 Introduction

Stopword identification is one of the important tasks of text processing applications such
as text classification, Information Retrieval (IR), text summarization, etc. [1]. In many
languages, stopwords are functional and general words with low discriminatory power
to differentiate between text documents, and affect efficiency [2]. They include arti-
cles, conjunctions, personal pronouns, prepositions, etc. These are frequently occurring
words in a natural language and evenly distributed words across documents in corpus.
They make up large portion of the text. They are considered as unimportant in many
applications and thus, many text preprocessing applications remove them before pro-
cessing documents and queries to improve system performance, save memory space and
processing time [1, 3]. The two commonly used stopword removal techniques are the
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use of stopword list and inverse document frequency (IDF) value. For example, natu-
ral language toolkit (NLTK) has lists of stopwords for 16 different languages', and [4]
removes stopwords using their IDF values.

IR is the process of finding relevant documents for users’ query. Stopwords are
ignored by many IR systems during indexing and query processing [2, 5]. In IR, stop-
word list contains frequent words that are ineffective to distinguish one document from
others. Elimination of these words from the index reduces the space requirement and
increases retrieval effectiveness in different languages. Depending on the complexity of
the language, they can be removed before or after text processing such as stemming. The
retrieval systems such as Okapi [6], Terrier [7], Lemur? and Lucene4IR? use stopword
list to improve retrieval effectiveness.

Stopword lists can be constructed either manually or automatically. Manual con-
struction involves the analysis of the semantics of words in a given language whereas
automatic construction of stopword lists is using statistics information from large corpus.
For example, Feng et al. [3] built a Chinese stopword list using TREC (Text Retrieval
Conference) Chinese corpora. The list was constructed automatically based on the com-
bination of the mean of probability, variance of statistical model and entropy of informa-
tion model. On the other hand, Hindi text stopword list was constructed based on term
weighting and relevance of words with respect to corpus [8]. The final generic stopword
list was compiled based on the aggregation of term weight and entropy value. The Persian
stopword list was generated based on terms’ frequency, normalized IDF and informa-
tion model [9]. Words with high-frequency, low IDF value, and with high entropy values
are considered as stopwords, which belong to adverbs, prepositions, interjections and
auxiliary parts-of-speech. As reported in this research, removal of stopwords minimizes
the number of index terms by 27%. A standard stopword list for Malay language was
built using word’s frequency, variance, and entropy from a corpus that has 7,363,578
tokens [5]. Words with highest frequency, variance and entropy values were considered
as stopwords. The intersection of the top n words from term frequency, variance and
entropy were used to generate the final stopword list that contains 339 words. There
are also other stopword lists for various languages such as Chinese, English, French,
German, Arabic, Portuguese and Spanish languages®.

Few attempts were made to create Amharic stopwords [10]. Mindaye etal . [11] cre-
ated manually a stopword list which contains 77 words. However, this list has problems.
First, the list contains small number of stopwords. From the actual number of stopwords
available in the language, this list ignores many stopwords. Second, the list contains
variants of a stopword rather than basic stems. Therefore, in one side it is difficult to
list all variants of each stopword. On the other hand, using all variants of stopwords
increases the length of the list. This creates unnecessary computational time specially
on online processing of texts such as query processing. Samuel and Bjorn [12] cre-
ate news specific stopword list which contains 745 words automatically. Like Mindaye
et al. [11], this list contains variants of stopwords. Since this list is domain specific, it

1 https://www.geeksforgeeks.org/removing-stop-words-nltk-python/.

2 http://www.lemurproject.org/.

3 https://github.com/lucene4ir/lucene4ir.

4 http://www.ranks.nl/stopwords/, http://github.com/Alir3z4/stop-words.
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could not be applicable in other domains. Alemayehu and Willett create corpus based
stopword list which contains 148 stems [13]. In addition to the non-content bearing
words, numerals are included in this list. The list contains the basic stems and citation
forms of stopwords. However, there are more than one stems for variants of some stop-
words, {i0C, 10C}, {&a9°, 49°}, {v~7, U7}, e.g. etc. Generally, it can be observed that
the construction of stopwords for Amharic IR system attempted so far has not followed
the scientific methods used to create a list of stopwords and cannot be used as a generic
resource for Amharic IR. As a result, some research and development works on Amharic
IR do not remove stopwords [14—17] while others remove based on non-standard stop-
word list created manually [11, 18] or automatically [4]. The manually created stop-
word lists are compiled for a specific purpose and are randomly handpicked without
proper consideration of the techniques employed to identify stopwords. Furthermore,
the lists include only few stopwords as samples. On the other hand, the automatically
constructed stopword list considered only IDF values and does not take into account
stopword distribution in Ambharic texts and the characteristics of the language.

The morphological characteristics of languages play a significant role in the identi-
fication of stopwords. Words generated from the same root in morphologically simple
languages have one common stem. For such languages, a stemmer can conflate variants to
one common form and thus, the frequency information about each term can be computed
after applying stemming. As aresult, terms which are distributed across many documents
in the corpus can be identified by their IDF values. In such cases, IR systems developed
based on term frequency are performing well. However, morphologically complex lan-
guages like Amharic have multiple stems for words generated from the same root. For
instance, words such as A0 /sabara ‘he broke’/, +00¢é/tasabari ‘that can be broken’/, and
AAN¢ /Pasabara ‘he helped to break’/ have the basic stems AOC- /sabar-/, AOC- /sabar-/
and anc- /sabar-/, respectively. Hence, the use of stems provides distorted frequency
since each stem is considered as different. Thus, Amharic stems need one more reduc-
tion analysis to extract their common form which is the root. In the aforementioned
example, the three stems have one common root represented as 0-(1-C /s-b-r/. Hence,
collection statistics can be computed accurately based on root forms. This calls for the
application of morphological analysis before the identification of stopwords in Amharic
IR. However, to our best knowledge, there is no systematically constructed Ambharic
stopword list so far that considers term statistics and morphological characteristics of
the language. Therefore, the aim of this paper is to generate Amharic stopword list using
frequency, mean, variance and entropy values of root forms of words.

The rest of this paper is organized as follows. Section 2 briefly describes the charac-
teristics of Amharic language. Section 3 presents the construction of Amharic stopword
list. Experimental results and discussion are presented in Sect. 4. Section 5 highlights
the effect of the constructed stopwords in Amharic IR. Finally, conclusion and future
research directions are forwarded in Sect. 6.

2 Ambharic Language

Ambaric is the working language of the government of Ethiopia. It belongs to Semitic
languages families. The language uses Ethiopic script for writing, which has 33 basic
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characters where each of them has 7 different forms representing consonant-vowel com-
bination [4]. On top of basic characters there are labialized characters such as 4.//wa/,
9. Imwal, Q. Iswal, £ lqwal, & /rwal, etc. Their structure is consonant-vowel-vowel com-
binations [4, 19]. In addition, the script has its own punctuations and numbers. Its rich
literary heritage has endowed the language with huge written resources.

Ambharic is morphologically rich and complex language. The word formation process
undergoes complex inflectional and derivational process [20]. Words can be formed
directly from their roots by inserting vowels between radicals, from stems by attaching
affixes, reduplication of one of the character of the stem or word itself, or compounding.
Inflectional and derivational words change their forms for different purposes such as
nouns, adjectives, adverbs, and verbs formation. Thousands of surface words can be
generated from an Amharic root and its stems by changing the shape of characters
in a stem or root, and by attaching affixes on stems [20]. In Ambharic, verbal stems
are derived from root’s consonants by interdigitating vowel patterns. There are different
templates/stem structures for the formation of words in various forms such as perfective,
imperfective, jussive, imperative, etc. [21]. Amharic has many morphemes that play
significant roles in morphology and syntax. Morphemes appear as affixes that have their
own functions carrying different types of syntactic and semantic information. Amharic
affixes are classified as prefix, suffix, infix, and circumfix, which might be added at
the beginning, end, inside, or both at the beginning and end of the stems, respectively.
They are attached to the base forms to mark for gender, number, case, person or others,
and give additional functions to the roots or stems of words. More than one morpheme
might exist on a given word. According to [22], an Amharic word might take up to four
prefixes and five suffixes. For example, the word ¢71.00e>NMAFD-7 [jomijasmat ‘alatfowin/ is
made from four prefixes (f /japreposition/, 9°/m nominalizer/, & /j third person singular
subject marker for imperfect verb/, and Af /?as causative/); imperfect verb (a0t /mat’);
and four suffixes ( 4 /7a third person singular subject marker for imperfect verb/, &/li
beneficative/, #F@-/?atfow object marker for third person plural/, 7 /n accusative/). Due
to such level of complexity, the morphological structure of Amharic is an important issue
in the development of natural language processing applications.

3 Construction of Amharic Stopword List

Stopwords are generally useful for providing a good structure for a text. However, they
contribute little meaning to the content. They can be identified using different techniques
such as dictionary-based and automatic approaches. Dictionary-based approaches are
inefficient and very expensive as stopwords are selected manually. On the other hand,
automatic methods construct a list of stopwords based on statistical information such as
term frequency, IDF, and variance from a large corpus. The characteristics of languages
may play significant role in selecting the techniques employed for the construction of
stopword lists. Considering the characteristics of Amharic, we built domain independent
stopword list by combining two methods: semantic-based and corpus-based. Semantic-
based identification of stopwords is carried out by analyzing the nature or semantics
of words in the language whereas corpus-based method applied by considering the
statistical information of words in a corpus.
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3.1 Semantic-Based Identification of Stopwords

Based on the semantics of words, Amharic words can be classified into two as main
and sub-word classes. The main word classes include verbs, nouns, adjectives and
adverbs whereas sub-words include exclamation, conjunction, preposition, etc. Main
word classes provide meaning by their own. On the other hand, sub-words are func-
tional words used mainly for the formation of phrases, sentences and paragraphs. They
occur commonly in many descriptions of different events. However, they contribute little
to the description of the topics covered by the text, and they have structural function
rather than meaning. According to [23], Amharic sub-word classes are characterized by
lack of meaning by their own, inability to undergo morphological derivation and inflec-
tion, lack of morphemes for various parameters, and they have small word size. Amharic
stopwords which satisfy these characteristics are collected from an Amharic book “Ya-
marigna Sewasiw” [23]. Itincludes words such as @& /wada ‘towards’/, n78 /?inda ‘like’/,
OA /silo ‘about’/, ath /Ziska ‘up to’/, @it /wazato ‘and so on’ /, 7t /gof ‘bravo’/, a. /Pu
‘oh’/, ? /wa ‘warning’/, 8¢ /jilik ‘instead’/, etc.

3.2 Corpus-Based Identification of Stopwords

Corpus-based identification of Amharic stopwords is made by analyzing the frequency,
mean, variance and entropy of words in Amharic text corpus. Non-content-bearing words
in Ambharic are usually used to structure sentences and paragraphs. They are used for
keeping the coherence of a text rather than describing the subject matter. Non-content-
bearing words are also used as morphemes in Amharic word formation. Accordingly,
morphological analysis needs to be done before identification of stopwords. Thus, statis-
tics of terms is computed on morphologically analyzed text corpus. The process of
corpus-based stopword identification is presented in Fig. 1.

Morpho- Prepro- Computing| | Extraction -
Corpus loglca} B cessing g Tegn‘ Sta- | of Stop- Stopwords
Annotation tistics words

Fig. 1. The process of corpus-based Amharic stopword identification

Corpus Collection: Identification of many non-content-bearing Amharic words is car-
ried out using statistics of terms computed from a representative corpus. To this effect,
we collect documents from Ambharic Wikipedia5, religious books, blogs6, and news
sources’ to create a corpus. Thus, the corpus has 5,737 documents which contain 64,637
sentences and 1,315,371 words. The corpus is built for the general purpose of Ambharic
IR test collection as well.

5 https://am.wikipedia.org.
6 http://www.danielkibret.com/.
7 http://www.waltainfo.com/.
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Morphological Annotation: All words in the corpus are annotated with morphological
segments. The annotations segment surface words into their constituent parts called
morphemes based on stems and root forms. The morphemes can be preposition, stem,
root, person marker, tense marker, conjunction, plural marker, etc. As the corpus is
built for general purpose, all morphemes in each word are tagged with morphological
information. The general structure of a morphologically annotated word W is:

[p_]"wls1*

non

where p is a prefix morpheme, "_" is a morphological segment marker, w is the root or
stem of W, s is a suffix morpheme, [...] denotes optionality, and * denotes the possibil-
ity of multiple occurrence. For example, the word ?7Le0a>NAFD7 [jamijasmat'alatfown/
is annotated as follows.

2 9° & A PP K\ WFD 7

Jo_mi_ji_as_mat' Pa_li Patfow n
I A e
pppPppw s s s s

Preprocessing: Preprocessing of the annotated corpus involves character normaliza-
tion and removal punctuation marks and. A major task of preprocessing task in Amharic
corpus is normalization. The process is required due to the fact that some characters
have similar phonemes but different graphemes. Base characters having such prop-
erty are {U /hal, ch /hal, "t /ha/ and T /ha/}, {w /sa/ and O /sal}, {& /ts'a/ and 6/ts’a/},
and {h /7»/ and 0 /P»/}. Thus, NAZU&P can also be written as A2U4P,NAAhEP,
PRSP, P0214P, WAR14P, A A&h4P, etc. although some of them rarely appear in a text.
As there is no standard established for character normalization, we used the rules shown
in Table 1 to normalize characters. Furthermore, due to similarity in phonemes, the fourth
orders ¥ /hal, h /hal, > /ha/ and " /ha/ are normalized to v/ha/ whereas h /2a/ and % /?a/
are normalized to & /75/.

Table 1. Character normalization

Base Normalized Example
character form Original word Normalized word

ch hé ]
g v 126 UL
T rat vt
w a uLIL Lag
0 A G077 AN
(] A Och& XUE

Computing Term Statistics: Inthe development of IR systems, term statistics has been
widely used to identify stopwords. However, the notion of terms depends on the charac-
teristics of languages. For morphologically simple languages, stems can be considered
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as terms. However, this is not the case with morphologically complex languages like
Ambharic. We hypothesize that morphemes used to form Amharic words could be used
as a basis for computing term statistics. Thus, in this work, we consider morphemes
as terms. Accordingly, for the entire corpus that we collected, we compute morphemes
frequency, mean, variance and entropy as described below.

Document and Collection Frequency: The document frequency of a morpheme indi-
cates the number of documents the morpheme exists whereas collection frequency is the
total morpheme frequency throughout the corpus. In this case, all morphemes from all
documents are ranked according to their document frequency and collection frequency.
Then, a threshold value was set to determine stopwords from ranked morpheme. Fur-
thermore, morphemes that are evenly distributed throughout the collection and satisfy
the threshold value are considered as stopwords [24]. Document frequency df computed
as:

N
df M;) = Zi:l morpheme_ status(D;) (D

where M; is the i™ morpheme in the corpus, D; is the i document in the corpus, N
is the total number of morphemes in the collection. If a morpheme appears in a given
document, its status is 1 otherwise 0. Collection frequency cf is computed as:

of M) =Y MFD, @

where MFD; is the morpheme frequency in each document, N is total number of docu-
ments in the corpus. In this paper, a morpheme frequency is un-normalized total number
of times a morpheme occurs in a document.

Mean: This is another way to measure the overall distribution of morphemes in the
whole corpus. The mean probability mp of each unique morpheme in the whole corpus
is computed as:

(M) = My 3)
P =T

where p(M;) is morpheme probability, MF is morpheme frequency in each document
and TM is the total number of morphemes in the document. Then, the mean probability
of each morpheme, mp (M;), in all documents is computed using as:

SN p(M))

mp(M;) = N

4)

where N is total number of documents.

Variance: This is the other way to check the distribution of morphemes throughout the
documents in the corpus. Variance v is computed as:

I (n(Mi) — m(M;))*

(M) = ~

(&)
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where v(M;) is the i morpheme variance, n(M;) is normalized morpheme frequency in
a document, m(M;) is mean value, and N is the total number of distinct morphemes in
the document.

21 MF
N

where MF is morpheme frequency and N is the number of words in a document.

mM;) = (6)

Entropy: This is used to measure the information value e of each morpheme in the cor-
pus. This method is based on the amount of information a morpheme carries. Stopwords
are known to have low explanatory values [3]. If the entropy value of a word is high,
then the information value of the word is low. The entropy value of each morpheme in
the corpus is calculated as:

eM) =) pM;.log @

p(M;)
where p(M;) is the probability of morpheme frequency and is calculated by dividing the
morpheme frequency via the total number of morphemes in the document.

Extraction of Stopwords: The frequency, mean, variance and entropy values of each
morpheme in the corpus are compared against other morphemes in the corpus to select
stopwords. The intersection of the top n words from these statistical information are
selected as stopwords. Finally, the stopword list contains stem-based and root-based
stopwords. The top 250 morphemes from the four stopwords lists (Table 2, Table 3, Table
4 and Table 5) are merged together to generate the aggregated corpus based stopword list.
These morphemes make up a large fraction (more than 60%) of the Ambharic text doc-
uments. However, the amount of information carried by these morphemes is negligible.
The final Amharic stopword listis generated from the intersection of the frequency, mean,
variance and entropy stopword lists with few linguistics experts’ analyzed words. The
list contains 222 words. Variants of a stopwords are not included in the constructed stop-
words list. Their length is from one to five characters. They occur much more frequently
than other morphemes. They include prepositions (e.g. ®L/wada ‘to’/, &7 /Pinida ‘such
as’/, 0A /silo ‘about’/, aah /isika ‘up to’/, n /bo ‘by’/, h/ka ‘from’/, etc.), conjunc-
tions (e.g. AS /Pina ‘and’/, @RI /wayim\xE2 \x80\x98or’/, &u7 W7& /yihun inids ‘how-
ever’/, 9°ny € /miknijat ‘because’/, AL /2izih ‘this’/, &a® /jilik ‘instead’/, etc.), neg-
ative markers A& /2] ‘not’, 9° /ma/), indefinite articles ( A28 /Ponid ‘an’/), auxiliary
verbs A-& /-1 'say'/,-0-C /n-b-r 'was', etc.), ®H+ /wazato ‘and so on’/, etc. These and the
like words are found at the top of the four lists (frequency, mean, variance, and entropy).

4 Result and Discussion

4.1 Result

The overall distributions of morphemes in the corpus are measured using frequency,
mean, variance, and entropy values as presented as follows. From a statistical point of
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view, the intersection of top n morphemes across various measurements are considered
as stopwords. Accordingly, a total of 222 stopwords are identified and included in our
list of stopwords. The list of sample morphemes with highest morpheme and collection
frequencies are shown in Table 2. The distribution of stopwords across many documents
in the corpus is presented in Table 2. Their document and collection frequency are
higher than non-stopwords. Stopwords are found in majority of the documents with high
collection frequency. Morphemes that had low frequencies are excluded from stopwords.

Table 2. Top 10 morphemes with highest document and collection frequency

Morpheme Document frequency  Collection frequency
? /ja 'of/ 5,737 190,726
0 /ba 'by'/ 5,733 139,870
A /Pu 'they'/ 5,731 141,646
R /72 ‘he’/ 5,727 105,751
@ /wi 'the'/ 5,717 99,033
A& /75l ‘not!/ 5,715 72,269
h /P72 'he 5,709 73,261
av /ma nominator/ 5,708 91,533
1 /ta passivizer/ 5,707 84,031
7 /ni accusative/ 5,703 92,342

Ambharic stopwords have high mean probability values compared to the majority of
non-stopwords. Samples of stopwords with the highest mean probability are shown in
Table 3.

Table 3. Top 20 morphemes with highest mean values

Morpheme Mean Morpheme Mean

? /ja 'of/ 0.05810 At [Pati ot/ 0.01434
N /bo 'by'/ 0.04196 Al /225 'be the cause of/ 0.01011
A /Pu 'they/ 0.04079 v-7 /h-n 'happen/ 0.00888
‘R /P2 3pms/ 0.02915 WF@- [ Patfow 'are/ 0.00806
@ /wi 'the’ 0.02836 £-C-1 /d-r-g 'act!/ 0.00738
av /ma nominator/ 0.02570 £ /ja ‘that/ 0.00712
7 /ni accusative/ 0.02554 WL /Pind> ike! 0.00675
+ /ta passivizer/ 0.02451 AL /laj 'on'/ 0.00553
A /P21 ot/ 0.01565 W4 /Pindi 'as/ 0.00329

& /Pot/ 'many/ 0.01549 1@ /now 'is'/ 0.00326
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Stopwords have highest variance probability value than almost all content bear-
ing morphemes. They are located at the top of the ranked list. Table 4 shows top 10
morphemes with highest variance values.

Table 4. Top 10 morphemes with highest variance values

Morpheme Variance Morpheme Variance

? /ja 'of/ 0.00132 - /wi 'the'/ 0.00038
0 /ba 'by'/ 0.00072 7 /ni 'we'/ 0.00031
A /Pu 'the!/ 0.00069 av /ma Inf/ 0.00031
A /P2 3psm/ 0.00055 + /ta pas/ 0.00029
R /75 3psm/ 0.00045 wF /?0tfi ‘many/ 0.00018

Stopwords have highest entropy value than non-stopwords. The top n morphemes
with the highest entropy value are extracted as candidate for stopwords. Table 5 shows
top 10 morphemes with highest entropy values.

Table 5. Top 10 morphemes with highest entropy values

Morpheme Entropy Morpheme Entropy

? /jo 'of/ 38.01462 + /ta pas/ 20.68732
0 /ba by'/ 31.38035 & /P2 3psm/ 20.17104
A /2u 'the/ 30.22907 av /ma Int/ 18.96849
- /wi 'the 24.00580 A /251 not!/ 16.54033
7 /ni ‘we'/ 22.48845 &/l to/ 14.58708

4.2 Discussion

Based on their nature they can be classified into three. The first types of Amharic stop-
words exist by themselves and can accept prefixes and suffixes. For instance, the stopword
A /lela ‘other’/ can take the prefix ¢ /jo ‘of’/ and the suffix &F /?20tfi ‘many’/ become
Phtet  Jjalelot/ ‘any others’/. The second types of stopwords exist as standalone words
but do not take affixes, e.g. @+ /wazato ‘and so on’/, ®EI® /wayim ‘or’/, etc. The third
types of stopwords exist as part of Amharic words and act as prefix or suffix. For instance,
the words n7728C /kagondar ‘from Gondar’/ and Ne*h.S@+/bamakinaw ‘the car’/ contain
the prepositions 1 /ba ‘by’/ and the suffix @ /wi ‘the’/, respectively. As the meaning of
stopwords indicated in Tables 2, 3, 4 and 5, they are similar to English language seman-
tically and functionally except linguistic differences. Unlike morphologically simple
languages, identification of Amharic stopwords is not an easy task. The challenges are
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the existence of many forms for a stopword. The majorities of stopwords undergo com-
plex morphological process, and merge with each other or other words to form new
words as shown in Table 6.

Table 6. Examples of morphological changes in stopwords

Word Morpheme Morphological information

(TG 0_@0T S /ba_wist' Pina/ preposition-stem-conjunction

PATILY e W1 AHY [jo_Pina azih/ genitive-preposition- demonstrative
ook (a° V-7 & [bo_ma_h-n_?w/  preposition-nominalizer-root-definite
haa-q h @G jka_sow Pinal preposition-stem-conjunction

As shown in Table 6, many of Amharic stopwords affix with other stopwords or non-
stop words. They might change their forms depending on their context. Therefore, it is
not possible to find and remove all Amharic stopwords directly before morphological
analysis. Hence, to see their distribution and information content in the corpus, their
frequency (document and collection), mean, variance and entropy need to be computed
after morphological analysis. Previously created stopword lists contain simply small
number of variants of stopwords. However, it is very difficult, if not impossible, to
include all variants into a list of stopwords. The following examples show how various
word forms can be formed from a single stopword.

@oO\1: OOPG, OATP, OO, ADOT, (OO, h@Or, PO-OTS, h@oar, hdOTs,
ADATS, NOOTI°, OOTP7, NO-OTY, MOATST, (OATT, POATI°, DATYU, OOTA,
ho-aNFo-, (o-0m-, ha-am, etc.

avhd: aohhAg®, (levhhd, (eehhAFo-, heohhaFo- (Qevhhd, aphhdS, erhhATioe,
haehhd, NevhhAd®, earhhAG@- levhhe, ete.

Ond:  OOedFo- eNR-AFo7, eahae?, ANheee, ONA9°, 2047, ONh<., NPAh-AFo-
PONATTE, ANhATFU-, O-AF@- eNha.?, ANAFD- 0, PON-ATU7, NS ete.

AR: (142, AR, DAL, ARG, NALIP, OAL, PART®:, MLAL, ALY, PALT®7, NALP,
NALT @~ AL, ART D~ (INAL, AAL, ALTMD7, NNAL, PALT DG | ANAL, etc.

NF: AF0T, NFFOT |, AMOF, ANFO AFP, NFe7, ANFFO- ACNF, NFPY, ANFY,
MFVY, AFFTL, NFOWP, AFF7, ANFP, ANFFT, etc.

BAr (A, (DHA9D, OLHA, kA, €04, MA@ (BAG, A9, DAATFO- hiAe, Hao- |
3497, (A@- hehAy, AP, AATT, (RAQ, AL, P3AD- BAP, THAD-9P, etc.

M AT, AT, DA, AT, AAD- AATD: ALNT, AACTR, NANTIR, PANTFD-,
PO, AASTIP°, A, AAT7, AMATI?, NANTIR, PANTT, ATRAAT, AMA,
MG, AMAD- AALAD (AAT, A, PANFD7, AATR, PAATI, @LANT,
PAACTIR, NALACTI, AAAGNT, NANT, AAP, PAA, PAADTY, AMLNFD: (AAFD-
NLATD- etc.

AV:  OHY, hHY , QHU9R, RIHU, ALY, ALV, QAR ATHLUT, DILUIP, ALY, PHY, OATHY,
NAIHY, NIY, ATLHY, AAHLUI®, hAIHUI®, OLHY, NTHY, PATHY, AWIHLY, PHUT |
OHVUF, PAIHLYY, etc.

In our work, such morphological variants of a stopword are represented by one
common form that is stored in the stopword list. Some Amharic stopwords have both
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stem and root forms. However, only root-based approach can conflate all variants of a
stopword to one common form. For example, the stopword 7-01-C /n-b-r/ has two stem
forms which are 10C- /nabar- ‘was’/ and 10C- /nabar- ‘was’/. Thus, we use root forms
to represent Amharic stopwords. Analysis of the Amharic stopwords reveals that most
of them are affixes without particular semantic information. They are rather used for
syntactic purpose such as definite articles, prepositions, conjunctions, negative markers,
etc. appearing mostly as prefixes and suffixes.

5 Evaluation of Stopwords

The constructed generic Amharic stopword list contains morphemes and may be used
in various fields. The stopwords are evaluated based on their effect on term weighting
and retrieval effectiveness. Experiments were conducted to test the impact of stopwords
on term weighting and retrieval effectiveness as follows.

The Effect of Stopwords on Term Weighting: The effect of Ambharic stopwords
on term weighting is investigated and tested. Term weighting is used in IR field to
extract the most relevant terms of documents. The Term Frequency-Inverse Docu-
ment Frequency (TFIDF) of every word in each document was computed to evaluate
the importance of each word to represent document content. The term weighting of
stopwords and some non-stop words were evaluated using Amharic IR test collection
[25]. The statistical analysis and the comparison between the existence and removal
of stopwords on term weighting are presented in Table 6 as follows. Documents and
terms are selected randomly in the corpus. It can be seen that the term weighting
of non-stop words slightly increases after elimination of stopwords. This means that
the importance of terms to represent the subject matter in each document increases.
The TFIDF values of stopwords are zero or close to zero. For example, stopwords
such as ¢ /ja/, O /bal, & 12ul, & /2], @ |wil, hé\ /251/, & /7], a° /mal, + /tal and 7 /ni/ have
zero TFIDF values whereas stopwords such as A§ /?inal, &F /20tf], &t [2at/, At [P2s/
W8/ Pinidal, WF@-~ [2atfowl, K8, [Pinidil, PF /wotfl, 1@ /naw/ and A@ /laj/ have values
ranging from 0.01 to 0.07. This means that they are not significant to describe the
content of documents.

The Impacts of Stopwords on Retrieval Effectiveness: The effect of stopwords
removal on Amharic IR retrieval effectiveness is tested on Amharic IR test collection
[25]. The evaluation was done using Lemur and trec_eval tools on language modeling
approach. Figure 2 shows retrieval effectiveness with and without stopwords on stem-
based and root-based approaches. The top two graphs (labeled in red and blue) represent
root-based and stem-based retrieval without stopwords while the bottom two graphs
(green and yellow) represent root-based and stem-based retrieval with stopwords. The
evaluation is made using the same Ambharic IR test collection [25]. It can be seen that
there is a significant difference between Ambharic retrieval with and without stopwords
on stem-based and root-based approaches. The bottom graph (in yellow) and the second
top graph (in blue) indicate retrieval with and without stopwords on stem-based app-
roach, respectively. The third top graph (in green) and top graph (in red) are retrieval
with and without stopwords on root-based approach, respectively. Root-based retrieval
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is better than stem-based retrieval. This is because root-based approach is best to conflate
all variants but not stem-based approach.

Interpolated Recall - Precision

. ) - -

Fig. 2. Retrieval effectiveness with and without stopwords

In addition to retrieval effectiveness, the impact of stopwords on index size is eval-
uated. The number of morphemes decreases significantly after stopwords removal. The
numbers of morphemes before and after stopwords removal are 3,399,172 and 1,316,504,
respectively. The effect of stopwords on the size of index file is shown in Table 7. Removal
of stopwords has reduced the size of index file, which minimizes the time of processing
index file.

Table 7. Index size with and without stopwords on root-based corpus

Index type Corpus size in MB | Index size
With stopwords 33.0 MB 25.1 MB
Without stopwords | 24.1 MB 15.1 MB

The availability of standard stopword is a major factor in developing different
Ambharic applications. We believe that a resource developed for a research purpose
should be easily available to researchers and developers. Hence, the developed stop-
word list in this research is made publicly accessible online for future researches. So it
enables researchers and developers to build their systems at minimal cost.

6 Conclusion

Ambaric is one of the under-resourced languages facing lack of NLP resources, tools
and corpora. We present an Ambharic stopword list created by considering the semantics
and characteristics of stopwords in the language, and by analyzing their distribution
in a corpus. The applicability of stopwords is systematically evaluated using Amharic
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IR system. Thus, the stopword list is believed to be a generic resource for other NLP
applications as well. The stopword list is made publicly available for the research com-
munity and can be accessed through a request made to the corresponding author at:
tilahun.yeshambel @uog.edu.et.
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