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ABSTRACT

Natural Language Processing (NLP) is a research this focuses on developing systems that
allow computers to communicate with people usingrgday language. In order to
communicate through natural languages, grammaicaiectness of a language is very
significant. Therefore, it is very important to leanatural language processing applications that

recognize the grammatical errors that may occuaiaral language texts.

The natural language processing application thaigmizes the grammatical error of a language
is called grammar checker. Different approachesbeansed to develop a grammar checker for a
language. These are rule based, statistical anddhgpproaches. In this study statistical Afaan

Oromo grammar checker is developed and tested agimgpared dataset.

In the statistical approaches of grammar checkiggtechniques can be used for detecting the
grammatical correctness of a given sentences. ifdteohe is token n-gram, in which sequence
of token are extracted and the second is tag msgrawhich sequence of tag are extracted. In
this study these two techniques of statistical apgin are used and their performance is tested on
85 Afaan Oromo sentences.

The evaluation results show that the performanceokén n-gram in identifying incorrect

sentence is a recall 100%, precision of 78.1% anuk&sure of 89.0% and the performance of
tag n-gram technique in identifying incorrect seces is a recall of 86%, precision of 82.6%
and F-measure of 84.3%. On the other hand, thempeahce of token n-gram technique in
identifying correct sentences is a recall 60%, igfen of 100% and F-measure of 80% and the

performance of tag n-gram technique in identifyiogrect sentence is a recall of 74.2%,

precision of 78.2% and F-measure of 76.4%.

There are also some reasons that lead to the Idarp®nce of the two techniques. The first one
is the issue related to the performance of sentbonoadary detector, word splitter, POS tagger
and morphological analyzer modules. Another redsofor the low performance of the two

techniques is related to the quality of the cor(apelling error, the spacing error). As a result
this study recommends the following recommendaiionrder to increase the performance of
the grammar checker. The first one is using spgllimecker in order to increase the performance
of POS tagger and Morphological analyzer. The otharsing good quality corpus and good

performing POS tagger and Morphological analyzer.
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CHAPTER ONE

INTRODUCTION

1.1. Background

Natural Language Processing (NLP) is the branchcashputer science which focuses on
developing systems that allow computers to comnateiwith people using everyday language
[1, 15]. NLP, also called Computational Linguisticoncerns itself with how computational

methods can aid the understanding of human lang@age

There are different tasks of NLP used in understendnd processing natural language, such as
speech recognition, named entity recognition, gramechecking. With the advancement in
electronic and computer technology, there is anlosxe growth in the use of these NLP
techniques for processing information [15]. For tamge, Grammar checkers, Speech

synthesizers, text summarizers are the most wigsdyl tools within language engineering.

Grammar checker is one of the major tasks in NIod,itis mainly used in text proof reading. It
determines the syntactical correctness of a seatamc, in many cases, suggests possible
corrections. It is mostly used in word processargl compilers. Grammar checking for
applications like compilers is easier to implemdrgcause the vocabulary is finite for
programming languages, but for the natural langsiages challenging because of the infinite
vocabulary in human languages and for some exceptimat can be occur in natural languages
[10]. For example in some natural languages theergences that can be constructed from one
word.

Three main approaches are widely used for checktieggrammar a language: syntax-based
checking, statistical-based checking and rule-bagleeicking [1, 10]. In the syntax-based
grammar checking, a sentence is completely pasetidck the grammatical correctness [1, 2].

The sentence is considered incorrect if the syietpetrsing fails.

In the statistical approach, the part of spee@®SPtag sequences or token sequences are built
from the prepared corpus, and the frequencies e$ethsequences are counted and their

probability is calculated. The sentence is congidéncorrect if the sequence probability is lower



than some threshold. The statistical approach galigiearns the rules from the tagged training

corpus.

In the rule based approach an input sentencesthethagainst manually handcrafted rules [1,
2]. For instance, simple rules can be used to tletears which are very easy to find, e.g. double
punctuations.

A great number of diverse researches have beeroggdpand done on grammar checker for
different languages, such as English, Bangla, GzBelsian and Icelandic language [2,8,10].
The grammar checker appears to be highly depemuatetite language it corrects [7]. Therefore,
it may not be possible to use the grammar checkahnis developed for one language for some
other languages mostly for a grammar developedgusite based approach. This is because
different languages have different morphologicalrucure. Therefore, starting the

implementation of grammar checker for languages Akaan Oromo which is syntactically and

morphologically complex is a major feat.

In this study, a prototype statistical Afaan Orogrammar checker is developed and tested. The
statistical approach does not need language resolike handcrafted grammatical rules, except
for a tagged corpus to train the language model)([I]. This is because if we want to check
the grammar of a sentences by using their parpe¢ch its necessary to prepare tagged corpus.
In general, in this approach we can simply meathweprobability of a sentence using n-gram

analysis.

1.2. Statement of the problem

There are more than 80 languages in Ethiopia [Afdan Oromo is one of the Cushitic
languages with large number of speakers [6]. thesthird largest language in Africa by the
number of speakers following Arabic and Hausa. &lage closely 30 million people who speak

Afaan Oromo mainly in Ethiopia, and the rest in K&nparts of Somalia and Tanzania [16].

Besides having a large number of speakers, Afa@am@iis now serving as a working language
in the local administration and courts in the reglogovernment of Oromia. It is also a medium

of instruction in primary and secondary schoolsining institutes and colleges in the region.

Moreover, literature and folklore of Afaan Oromaodmage is being offered as a field of study in

many universities in Ethiopia [16]. There are papard web based media in Afaan Oromo.
2



For instance, Oromia Television and Radio (Websg)eKallacha Oromiyaa, Bariisaa, Yeroo,
Voice of America (VOA) (web news), are some of tievs and information media that use the

language [26].

There is also wide use of the language in word ggsar such as Microsoft office and social
media sites, such as blogs, facebook, twitter, at¢hile using these media, the user of the
language may create a text that contains a gramahatiror. The content of the created text may

get changed or remain meaningless because of griacahexror created by the user.

In general, Afaan Oromo is the language of edunatiod research, language of administration
and politics, language of ritual activities and iabcinteraction [17]. Therefore, high

performance grammar checker is very essentialmeigging error free Afaan Oromo texts.

In Ethiopia, there is an attempt to develop gramuoiacker for Amharic Language [15], the

working language of the federal government of Hilao The work which is done for Amharic

language uses rule based and Statistical appraacbhécking simple sentence and complex
sentence respectively. For Afaan Oromo, there resaarch conducted to develop grammar
checker by using rule based approach by Dabalaayeldfl. The research has tried to detect
some simple grammatical errors in Afaan Oromo Rut, the developed prototype does not
detect some of simple sentences, compound and eanggintences which have grammatical

errors.

To the knowledge of this researcher, there is eareh conducted on developing grammar
checker using statistical approach for Afaan Orodimaguage. Hence, it is the aim of this
research to come up with Afaan Oromo grammar checakgng statistical approach.

Additionally, in developing grammar checker usifgstapproach, both simple and complex

sentences are taken in to account.

Therefore, in this study, the researcher attengpéswer the following research questions.
v" What are the different types of grammatical ermasurring in written Afaan Oromo?
v" What types of grammatical errors are difficultdemtify in the sentences?
v' What types of sentences are easily identified bygttammar checker?

v' What is the best grammar checker algorithm for Af@aomo Language?



1.3. Objective of the Study

1.3.1.General objective

The general objective of this study is to explone {possibility of developing a statistical
grammar checker that identifies grammatical mistakecurring in the written text of Afaan

Oromo language.

1.3.2.Specific objectives

The specific objectives of the research are:

v" To review related literature on different natueaiguage processing tasks that are helpful

in developing grammar checker.
v" To review related literature on grammatical stnoetof Afaan Oromo language.
v" To compile corpus from different sources for tragand testing the grammar checker.

v' To select better technique in developing statisicammar checker for morphologically

rich language like Afaan Oromo.
v" To design and implement a grammar checker for A@aammo language.
v' To evaluate the performance of the grammar chemkeelected Afaan Oromo test data.

v" To draw useful conclusion and forward recommendatfor further work.

1.4. Methodology

1.4.1.Research methods

To conduct this study, two research methodologies employed. The first one is the
experimental setup method, and the second is qa@wei method. The first method is used to
undertake the experiment on the developed gramhenker and the algorithms used in it. The

second method is used to analyze the result olstaineng the experiment undertaken.

The researcher has performed the following proaulhe researcher starts by reviewing

different relevant local and international journaitticles, conferences papers, books and
4



resources from internet that are related to Afaaon@®@ grammatical structure and grammar
checker in order to have conceptual understandiagi@dentify research gap on Afaan Oromo
grammar checker.

The corpus is compiled from different sources tasg¢ written in Afaan Oromo language.
Basically, the corpus is compiled from the officieébsite of Oromiya National Regional State,
Voice of America Radio Afaan Oromo language, Iné&ional Bible Society official website,

Oromiya Radio and Television Organization (ORTO)Ns@nd other Internet based sources.

The compiled corpus passes through preprocessingtias like tokenization, part of speech
tagging and morphological analyzing. Using stat#dtapproach of grammar checking, the
probability of tri-gram sequence of token or tagc@culated. Different data with grammatical
error are prepared for testing the checker. Fin#lg manually checked text is compared with

the system checked text and the precision, rendlFameasure of the checker are measured.

1.4.2. Development Tools and Techniques

For the development of grammar checker, the reBearses Linux as an operating environment
and uses Python 2.7.3 as programming language Lifflux operating system is used to run
python program coded to develop the grammar chetkeux environment selected as running

environment because the POS tagger used for thdy & written in a shell script.

Python is used as programming language to develqpototype because, it is dynamic
programming language that is used in a wide vaoé@pplication domains. It is simple, strong
and involves natural expression of procedural codedular, dynamic data types, and

embeddable within applications as a scripting fater [5].

Two techniques of statistical approach are usedtestegd in the study. The first technique is
token n-gram frequency. Here, the probability dfeto sequence is calculated for training and
testing the checker. The second technique is tgam-frequency. In this technique, POS tag is
assigned to all tokens, and the probability of thg sequence is calculated for training and
testing the checker.



1.4.3. Evaluation

After the prototype for grammar checker has beereldped, it is trained using the prepared
training dataset and tested using the dataset @@ fpar testing purpose. The performance of the
checker during training and testing is evaluatediuadly. Furthermore, precision, recall and F-
measure is calculated to evaluate the effectivenésbe developed system. Precision is the
number of correctly flagged errors out of totalgfied errors, whereas recall is the number of

correctly flagged errors out of the total numbeewbrs that occur in the text [15].
1.5. Significance of the study

The Afaan Oromo Grammar checker is hoped to hawéolfowing significance to Afaan
Oromo Language speakers, students and others.
v It may improve the quality of Afaan Oromo text stelcting grammatically incorrect

sentences.

v" This research may also enable Afaan Oromo langusees, specially the non-native to
prepare different types of documents, letters, Eneic effectively.

v It could very helpful for primary school studentsdldanguage learners as they be able to
become more independent and get their work dortetivé help of such a checker.

v It may also improve productivity as it saves tmegtiusers take for proof-reading.

v Additionally, this study can be used as a stepptoge for further work in this specific

area.



1.6. Scope and Limitations of the Study

Errors which may appear in written text can be gatieed as spelling errors, grammar errors,
style errors or semantic errors [2]. Afaan Oromd teay contain the above types of errors. This
study entirely focuses on developing a grammar ladre¢hat effectively determines the
grammatical correctness of Afaan Oromo texts. Tiyais of spelling errors, style errors and
semantic errors are not included in the scopeisfrésearch.

The grammar checker is developed using Statistipptoach of grammar checking. Therefore,
no rule is constructed manually. Two techniquesNefjram analysis techniques are tested
(Token n-gram check and Tag n-gram check) in otdedetermine the correctness of the

sentences.

The developed Afaan Oromo grammar checker accefstanAOromo sentence as an input and
performs preprocessing activities such as tokegiah word level and sentence level, POS
tagging and morphological analyzing. After prepssieg, the probability of the sequence is
calculated by using frequency of sequence in thpus. Based on the calculated values, the
sentences are judged as correct or incorrect.elfsgntence is incorrect, the checker tries to

identify the type of error in the sentences.

Even though the statistical-based approach requjtee a large corpus size for a better
performance [8], the grammar checker is trainedh whe corpus containing only 10000 words.
This is due to constraints such as time, resouncetaining, testing and evaluating of large

corpus which requires high processing speed ageé lezmputer memory.
1.7. Organization of the thesis

The thesis contains six chapters. The first chaptesents the background, statement of the

problem, objectives, research methodology, sigaioe, and scope and limitations of the study.

Chapter two presents the grammar of Afaan Oromguage including its morphology, writing

system, word class, tag set and punctuation marks.



In chapter three, fundamental concepts relatedamgar checking and various approaches that
can be used to develop grammar checking are disdu3sis chapter also presents summary of

related researches conducted for Afaan Oromo dret Enguages.

In chapter four, the design and implementationhef grammar checker is discussed. Basically,
this chapter discusses the statistical methodbrfiques) used: Token N-gram and Tag N-gram
with their architecture and modules used for eaethod.

The analysis of the results of the experiment iss@nted in chapter five. Additionally, the

performance of two methods discussed in chapterifoevaluated in chapter five.

Finally, the last chapter, which is chapter sixegents the conclusions and recommendations

based on the experiments conducted and resultmebtta



CHAPTER TWO

OVERVIEW OF AFAAN OROMO

2.1. Background

Afaan Oromo is one of the languages that are widpbken in Ethiopia and some neighboring
countries like Kenya and Somalia [22, 23]. It i af the five most widely spoken languages
among the thousands of languages spoken in Afei¢h According to the census taken in 2007,
the number of people speaking Afaan Oromo as thether tongue is 34.5% of total population
of Ethiopia [25].

Currently, Afaan Oromo is used as a working languaigthe Oromia regional state of Ethiopia.
Afaan Oromo is also used as medium of instructionpiimary schools and given as an
independent subject in secondary schools througiheutegion. Moreover, a number of books,
newspapers, magazines, educational resourcesiabfficcuments, and religious writings are
written and published in the language [6, 26, 31, 2

2.2. Afaan Oromo Writing System

Afaan Oromo uses the Latin based alphabet caQedbee’ or ‘Qubee Afaan Oromo’

It has been adopted as the official script of Af&omo since 1991 [6, 29The ‘Qubee’
writing system has a total of 33 letters of whighdl them are similar with English letters and 7
of them are combined consonantal letters known'gadee dachaa’ (digraphs). The

digraphs includéch’ ,* dh’ ,* sh’ ,* ny ,* ts’ ,° ph’and’zy’ [30,31].

There are five vowels ifQubee Afaan Oromo’ . These aréa’, ‘e’, ', ‘0,

u These vowels may appear as short vowels or longelgowm the language. A vowel is
said to be short if it is one. It is called a lorgyvel if it is two, which is the maximum. The use

of long and short vowels can result in differentameags. Consider the following Example 1



1. “lafa” : ground
2. “Laafaa”:soft Examplel

In the first word'a’ is short vowel and in the second wéad’ is the long vowel which leads

to change in meaning.

There are 28 consonants Qubee Afaan Oromo’ including digraphs. They are listed in
table 3.2 with their sounds. Geminating (doublingamsonant) is also significant in Afaan
Oromo because consonantal length can distinguisbdsaMfoom one another. Most Afaan Oromo
consonants can be geminated exchpt and digraphs [27, 30, 31]. Consider the following

words in Example 2:

1. “damee” : branch
2. “dammee” : sweety
3. “badaa” : bad Example 2
4. "baddaa” : highland

As we can see from the above example 2, geminatngonants changes the meaning of each

word. Afaan Oromo vowels and consonants with teeirnd are shown in Table 3.1 and Table

3.2 respectively.

Vowels
Front Central Back
close 1/1/, 11 /1 u /u/, uu /u:/
Mid ele/, eele: o /a/. oo /o:/
Open a/a aa/a:/

Table 2.1 Afaan Oromo vowels and their sounds (etbfyom [23])
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Consonants
Bilabial/ Alveolar/ | Palato-alveolar/ | Velar | Glottal
Labiodental | Retroflex Palatal
Stops and | Voiceless | (p) T ch /tJ/ k vl
affricates | Voiced b D j/d3/ g
Ejective ph /p’/ X/t c/tf”/ q/k’/
Implosive dh /d/
Fricatives | Voiceless | S sh /f/ h
Voiced (v) (2)
Nasals m N ny /n/
Approximants W L v /j/
Rhotic R

Table 2.2 Afaan Oromo consonants and their sowamitspted from [23])

2.3. Afaan Oromo Morphology

Morphology is the study of morphemes and their rayeanents in forming words [16].
Morphemes are the minimal meaningful units whichy manstitute words or parts of words
[37]. The two broad classes of morphemes are stardsaffixes (prefix, infix and suffix). The
stem is the main morpheme of the word, supplyimgrtfain meaning whereas affixes are used to

add additional meaning to words [16, 37].

Like in a number of other African and Ethiopiandaages, Afaan Oromo has a very complex
and rich morphology [1, 31]. It has the basic feaguof agglutinative languages involving very
extensive inflectional and derivational morphol@jiprocesses [1]. In agglutinative languages
like Afaan Oromo, most of the grammatical inforroatiis conveyed through affixes, (that is,
prefixes and suffixes) attached to the root or sbénvords [1]. Afaan Oromo words have some
prefixes and infixes whereas suffixes are the predant morphological features in the language
[31].

In Afaan Oromo, words can be formed from morphemés/o ways [33]. These are inflectional
morphology and derivational morphology. In inflectal morphology, words are formed by the
combination of stem with a grammatical morphemeailg resulting in a word of the same class
as the original stem, and usually filling some sgtit function. Inflectional morphemes modify

a word's tense, number, aspect, and so on.
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‘ singular Plural

‘barsiisaa’ (teacher) ‘b arsiisota’ (teachers)
‘mana’ (house) ‘manneen’ (houses)
‘waraabeessa’ (hyena) ‘waraabeeyyii’ (hyenas)

Table 2.3 Afaan Oromo inflectional morphology

From the above Table 3.1, we can see that thelpha@nscan be formed by adding suffix
‘-ota’, -een’, ‘-yyii to the stem of the words

Derivational morphology deals with word formatiomrh stem and grammatical morphemes,

usually resulting in word of different lexical ckad-or example,

Words Derived from

‘hojjetoota’ (workers)(noun) “hoj jete’ (Work ): verb

‘g ammachuu’ ( happiness)(noun) ‘gammadaa’(Happy) : adjective
‘namummaa (humanity)(noun) ‘n ama’(Human): noun

Table 2.4 Afaan Oromo derivational morphology

2.4. Word Categories in Afaan Oromo

Words are the basic unit of a given language [BBg combination of these words on the bases
of the language gives us phrases, clauses anchseatd he meanings of these sentences depend
on each word of the sentence and the way theyrearged. Afaan Oromo words can be placed
in to different categories [34, 35]. These categgorare Noun, Verb, Adjective, Adverb,

Adposition, Pronoun, Conjunction and Interjection aumerals [34, 35].

2.4.1. Nouns

Afaan Oromo nouns are words used to hame or igeatiy of the categories of things, people,
animal, places or ideas [34, 35]. However, somedite&ical classes like noun can be defined
functionally (morphologically and syntactically) shat some words for people, places, and

things may not be nouns [35].
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In Afaan Oromo, nouns mainly occur at the beginroh@ sentence. In the following examples,
Afaan Oromo nouns are italicized and underlined.
‘Dimaan fillannoo kooti.’( Red is my preference.)
‘Sareen manatti olixxe.’(A dog entered into a house )

Words that are categorized as nouns in a sentemcbeca subject or object [35]. Subject mostly
comes at the beginning whereas an object mostlyesoafter subject and before verb in a

sentence. Consider the following example,

1. * Warabessi harree nyaate.’ (A hyena eats a donkey)
2. ' Tolaan manaijare.’ (Tola built a house.)

In the above two sentences, the underlined andi#adl words,' Warabessi’ (A hyena)
and ‘Tolaan’(name of person) are the subject of the sentences, whereas the two
italicized words ‘harree’ (donkey) and ‘mana’ (house) are the objects of the two

sentences respectively.

Afaan Oromo nouns are also inflected for number siegular and plural [37, 43]. Singular
nouns are nouns which are built without adding affix. On the other hand, plural nouns are

mainly formed by adding suffix or using numeralshagingle noun [29, 35].

The following are suffixes used to form plural neun Afaan Oromo:'-oota’, ‘-ota’,
“wwan’, ‘-een’, ‘-lee’;-yyi’ etc. Table 3.5 presents plural noun formation in

Afaan Oromo

singular Plural Plural marker
‘Mana’ (house) ‘Manneen’ (houses) - een
‘Sangaa’ (ox) ‘Sangota’ (oxen) - ota
‘Waraabeessa’ (hyena) ‘Waraabeeyyi’ (hyenas) -yyi

‘Hojii” (work) ‘Hojiilee’ (works) - lee
‘Barsiisaa’ (teacher) ‘Barsiisota’ (teachers) - ota

‘Sa’a’ (cattle) ‘Saawwan’ (cattle ) - wwar

Table 2.5 plural noun formation using suffix
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Additionally, plural nouns can be formed by usingmerals [35]. This can be done by writing
singular noun followed by numeral. For example, fillowing are valid plural nouns in Afaan
Oromo. Table 3.6 presents plural noun formationgisiumerals.

singular plural

‘Mana’ (house) ‘Mana sadi’'(three house)
‘Nama’ (man/woman) ‘Nama lama’ (two man)
‘Hoolaa’ (sheep) ‘Hoola kudhan’(ten sheep)

Table 2.6 plural noun formation using numerals

Afaan Oromo analyses masculine and feminine geraigtsmost of the nouns belong to either
of the two. However, there are some nouns useldttr masculine and feminine [6, 35, 36]. For

example, the noumama’(man or woman) can be used for masculine and feminine.

Afaan Oromo nouns are also inflected for defire&s) but not for indefiniteness [37].The
definiteness (the English ‘the’) in Afaan Oromo dandifferent for masculine and famine. For
masculin€-icha ’ is mainly used while- ittii’ is used for feminine. Table 3.7 presents the

definite formation of Afaan Oromo nouns

Noun defi niteness

‘nama’ (nama) ‘namicha’ (the man)
‘harree’ (donkey) ‘harricha’ (the donkey)
‘gaalluu’(priest) ‘gaallitti’ (the priest)

Table 2.7 definiteness form of nouns

Afaan Oromo nouns are also inflected for case. @Gasegrammatical category of nouns that
indicates the nature of their relationship to thebvin sentences [37].
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Afaan Oromo nouns can be formed by adding derimatisuffix to different categories of words

such as noun, verb, adjectives etc. [37, 3Fble 3.8 presents derivational noun formation

Noun Derived noun

‘b ilisa ’( free ) ‘bilisummaa’ (freedom )

‘fira ' ( relative ) ‘firummaa’ (relationship )
‘nagaa’ (  peace) ‘nageenya’ (peaceful )
‘jabaa’ ( strong ) ‘jabeenya’ (strength )

‘n amg ( mar) ‘namooma’ (humanity )

Table 3.8 derivational nouns formation
In the above Table3.8, abstract nouns are formaah fother nouns by addifgmmaa’ or

‘eenya’ or‘ooma ’ suffix.

2.4.2. Pronouns

Afaan Oromo pronouns can be used for replacing i@md noun phrases [35]. Like nouns,

Afaan Oromo pronouns decline for number and ge[8#gr Consider the following pronouns

‘ishee’: she, represents feminine noun and singular
‘isa’ : he, represents masculine noun and singular
‘isaan’ :they, represents plural nouns and either masculineroiniee.

There are different categories of pronoun in Af#wromo based on their functionality and
meaning in a sentences. These are personal, pessetmonstrative, reflective and reciprocal
pronouns [37, 35].

Personal pronouns can be used to replace the sab@the object of a sentence. The following

are Afaan Oromo personal pronouns used to represbjgct of the sentence.

First person Second person Third person
Singular “Ani’ () “Ati 7 (you) “Inni "’ (he),
‘ishiin’(she)
Plural “Nuyi "/’ nuti * (we) |‘Isiin '’ (you) ‘Isaan ’ (they)

Table 3.9 personal pronouns that can representcubj
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Consider the following two sentences
‘Firomsaan leenca ajjeese.’ (Firomsa kills a lion)
‘Inni leenca ajjesse."  (He kills a lio n)
The above two sentences have the same meaning.iEwvethe second sentence the pronoun

‘inni’ (he) replaces the subjetffiromsaan’(name of a person).

A personal pronoun can also replace an objectsd#rgence in Afaan Oromo [35]. Table 3.10

presents personal pronouns that can replace olgkttie sentence

First person Second person Third person
Singular Ana (me) si(you) Isa(him),
ishii(her)
Plural nu (us) Isiin(you) Isaan(they)

Table 3.10 personal pronouns that can replace tobjec

Consider the following example:

‘Leensaan barattota barsiiste.’(Lensa teaches stude nts.)
‘Leensaan isaan barsiiste.’(Lensa teaches the m.)
In this example‘isaan’  (them) replace the objecbarattota’(students )

Another category of Afaan Oromo pronoun is possegsionouns which are used to indicate the
ownership of something. Table 3.11 shows possegsar@uns of Afaan Oromo.

First person Second person Third person

Singular Koo/kiyya Kee (yours ) | saa( his ),i shee(her)
(mine)

Plural Keenya (ours) Keessan (yours ) | (i)saan(their)

Table 3.11 Afaan Oromo Possessive pronouns
Consider the following example:

‘Qubeellaan kun kan koo dha.’ (This pen is mine)

‘Rifeensi isaa gurracha.’ ( His hair is black)
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The italicized and underlined words in the abovetesgces represent possessive pronouns in

Afaan Oromo

Demonstrative pronouns are pronouns that are wsegldr to a thing that was known previously
or mentioned earlier. It can also be used to refehe objects which are in the speaker's mind
[35]. Both proximal and distal demonstrative pronsuexist in Afaan Oromo. Proximal
pronouns have masculine and feminine whereas distabt have. However, plural and singular
demonstratives are not distinguished. The prox#fiaan Oromo Pronoun are:

‘kana’/’kuni’ (this/these)(masculine)

‘tana’/'tuni’ (this/these)(feminine).
And the distal Afaan oromo pronouns are:

‘san’ (that)

'sun’ (those )

2.4.3. Verbs

Verbs are words or compound of words that expretisra state of being in or relationship
between two things [34,39]. In Afaan Oromo verbsstiyoappear at the end of sentence.

Consider the following example:

‘Guutaan kaleessa deeme.’ (Guta went yesterday.)

‘Caalaan kubbaa dhiite. ’ (Chala kicked a ball.)

In this example, the words written in italic anddenined ‘deeme’(went) and
‘dhiite’ (kicked ) are verbs of the sentence.

Afaan Oromo Verbs are inflected for number, geradet tense[35]. Additionally Afaan Oromo
verbs can be categorized into main (transitive raransitive) and auxiliary verbs [29, 39].
Intransitive verbs are main verbs which do not taligect or complement in a sentence [35]. The

following examples illustrate intransitive verbAfiaan Oromo.

‘Namichi fige " (the man runs)
‘Isaan Kaleessa dhufan .’ (they came yesterday.)

In the above example, the words written in itald ainderlined are transitive verb. They do not

transfer any message from subject to complement.

Transitive verbs are main verbs which transfer mgsgo complement (objects). Consider the
following two sentences:
17



‘Tolaan ulee cabse .’ (Tola broke a stick)
‘Caalaan muka mure.” (Chala cut a tree)
In the above two examples the vedabse’(broke) and ‘mure’(cut) are transitive

verbs. They interrelate subject and object in #@ences'.

Auxiliary verbs support the main verbs used in atexgce. The following are Afaan Oromo
auxiliary verbsdha’ , ‘ta,e’, ‘gabda’, ture, ‘jira’, etc. In the following two

examples the auxiliary verbs are written in bold atalic.

‘Isheen barattu cimtu dha. ' (she is a clever student.)
‘hojii kana hojjechuu gabda. ' (you have to work this job.)

In the above two sentences the wéala’ and‘gabda’ are auxiliary verbs

2.4.4. Adjectives

Adjectives in a sentence are used to modify noarghow the quality of things. i.e. it specifies
to what extent a thing is distinct from somethitgpd3,34,35].

Consider the following examples:

‘Leenseen bareeddu dha’ (lense is beautiful.)

‘Tolaan dheeraa dha’ (Tola is tall.)

In the above examples the woithrreeddu’(beautiful) and ‘dheeraa’ (tall)

are adjectives.

Afaan Oromo adjectives can be formed from compowodds [35]. For instancehumna
dhabeesssa’(weak),'simbo qgabeessa’(handsome) are some of adjectives
constructed from compound words.

Adjectives inflect for number and gender in Afaamo@o language. Table 3.12 presents

inflection of adjectives for number and gender.

singular plural masculine Feminine
guddaa gudguddaa guddaa Guddoo
jabaa jaboota jabaa Jabduu
Ko’'eessa Ko'eeyyii Ko'eessa Ko’'eettii
cimaa ciccimoota cimaa Cimtuu

Table 3.12 adjective inflection for number and gand
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2.4.5. Adverbs
Adverbs are words which are used to modify verl3%,[ 38]. In Afaan Oromo adverbs come

before the verb they modify. Afaan Oromo advenes aategorized as adverbs of time, place
and manner (condition) [34,35]

Adverbs of time show the time the action takes @ldde following are the words that can be
used as adverbs of time in Afaan Oromo language.

‘amma’(now), ‘boru’(tomorrow), ‘kaleessa’(yesterday), ‘yoom’ (when)
,'har’a’(today),'galgala’(tonight) etc.

Consider the following example.

‘boonsaan kalessa dhufe.” (bonsa came yesterday.)
‘Qananiisaan boru ni figa."(Kenenisa will run tomorrow.)
In these examples the worHaleesa’(yesterday) and ‘boru’(tomorrow ) are

adverbs of time. Mostly adverbs of time answerdhestion of when the action takes place.

Adverbs of place show the place where the actikestplace. The following are the words that
can be used as adverb of place in Afaan Otrofae’(here), ‘achi’ (there),
‘gadi’(below), ‘gubbaa’(above), ‘jidduu’(middle),’i rra’ (on ), etc.
Consider the following example,

‘Tolaan manajira.” Tola is at home.

‘Inni konkolaataa irra jira’ he is on the car

Adverb of manner show how the action of the ser@esncone. The following are Afaan Oromo
words that can be used as adverb of manwaeiitin’(quickly), ‘suuta’
(slowly), ‘akka gaarii’ (well) etc.

Consider the following example,

‘Inni ariitin figa.” He is running quickly.
‘Calaan baay’'ee cimaa dha.’ Chala is very clever
In the above sentences the wdadiitin’(quickly) and ‘baay’ee’(very) are

adverbs of manner.
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2.4.6. Adpositions

The term adposition refers to words, which will Bameaning only when they are attached or
used together with other words such as nouns, yprbaouns and adjectives [27]. Adpositions
are characterized by having no inflectional or weronal morphology and belong to the closed
category [27]. The word or phrase that the premosiintroduces is called the object of the
preposition [3].

Some of the adpositions in Afaan Oromo inclutdka’(as), ‘eegasii’ (since),
‘hamma’(until),‘gara’(to), ‘gadi’'(below), ‘ol’(abov e), ‘irra’(on )s
and so on.

Consider the following sentences.
‘caaltuun gara_mana barumsaa deemte’ (Chaltu went to school)

‘Toolaan konkolaataa keessa jira’ (Tola is in a car)
In the above sentencégara’ (to) and ‘keessa’(in) are adpositions introducing
‘mana barumsa‘ (school) and‘konkolaataa’ (car) respectively.

Afaan Oromo adpositions can appear as simple aiposithat stand alone as separate words or
can be attached to other words [27]. Considerdheviing examples,

‘Abbabaa walin’(  with Abebe)

‘Gara mana’ (to house)

* harka-an’ (by hand)

‘barataa-f’ (for student)
In the first two examples, we have stand alone sitipas ‘walin ’ (with ) and ‘Gara’ (to )
which are separated from other words. The third fandh example show suffixed adoposition.
These aré-an’ (by) andf ’ (for ).

2.4.7. Conjunctions

Conjunctions are words that are used to join woptisases or sentences [34]. Conjunction can
be categorized as coordinating and subordinatinguoations. Afaan Oromo Coordinating
conjunctions are used to join main clauses thatgaren equal emphasize by user [34]. Afaan
Oromo coordinating conjunctions inclutikkasumas’(besides/in addition to),

‘garuu’(but), ‘haata’'u malee’(however), ‘ta’'ullee’( even though),
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‘kanafuu’ (so/therefore), ‘moo’(or) and so on. Consider the following

examples,

1. ‘Abdiin hin barannee garuu_ waan baay'ee beeka.” (Abdi is
illiterate but he knows everything.)

2. ‘Ati magaala moo badiyyaa jiratta?’(where do you live urban
or rural?)

In the first sentence, two sentenc¢&bdiin hin baranne’(Abdi is illiterate’)

and ‘waan baay'ee beeka’(he knows everything ) are joined by coordinating
conjunction ‘garuu’ (but). In the second sentence, two wordsnagaala’(urban)
and ‘badiyyaa’(rural) are joined bymoo’ or . Therefore coordinating conjunctions

can be used to join words, phrases ,clauses terssss.

Subordinating conjunctions are those conjunctitias &re used to join the main clause with the
subordinate clause. A subordinating conjunctioralisays followed by a clause [38]. Afaan
Oromo subordinating conjunctions includgoo’ (if), ‘akka waan’ (asif),
‘wayta’/'yeenna’(when), ‘hamma’(until), ‘erga’(afte r), ‘dursa’

(before)  etc.

The following examples illustrate subordinating jmction

‘Wayta innii dhufuu ani barressa jira.” (When he w as coming |
was writing’)
‘Yoo haalaan hojjette gormaata ni dabarta.’(If you work hard you

will pass the exam.)
‘Wayta’(when) and ‘Yoo (if) in these sentences are used as subordinating
conjunction. ThéWayta (when)  joins two subordinating clauses that anai dhufu’

(when he was coming) and ani barreessa jira,(l was writing.)

2.4.8. Numerals

Numerals include words that refer to order or gt something [35]. Most of the time the
position of numerals follows the category with whithey form a syntactic unit [39]. Afaan
Oromo numerals can be cardinal or ordinal. Thewhg are the cardinal numerals in Afaan
Oromo: ‘tokko’(one),lama’(two)'kudhan’(ten), ‘dhibb a’'(hundreds),

'’kuma’(thousands),etc.
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On the other hand, ordinal numerals of Afaan Oraao be formed from cardinal numerals by
adding the suffixffaa’ to them. Numeral in Afaan Oromo can be formed imgound forms
[44]. For instance,'’kuma tokko’ (one thousand),’dhibba sadi'(three

hundred) are valid Afaan Oromo numerals. Consider the falhy sentences:

1. ‘Ibsaan konkolaataa lama gaba.’(Ibsa has two cars.)
2. ‘Jalanneen kutaa isiitii tokkoffaa  baatee.’(Jalane stood
first from her classes J)

In the first sentence, the worthma’ (two ) is cardinal numeral. It follows thevord
‘konkolaataa’ (car) and describes its quantity. In the second sentetiwee, word

‘tokkoffaa’ (first) Is the ordinal numeral.

2.5. Afaan Oromo Tags and Tagset

Tags are labels that add more information on eagidwn a sentence [34,35]. They are used
represent the lexical categories of words. For ggtamIN can be used to represent nouns and
VV can be used to represent verbs in a given seeatdfor this study the tagset developed by
[35] are used. The complete list of the tag setdkided on appendix Il

2.6. Punctuation marks in Afaan Oromo

Punctuation marks used in both Afaan Oromo andigm¢nguages are the same and used for
the same purpose with the exception of apostrogiig [The apostrophe mark (‘) in English
mostly shows possession but in Afaan Oromo it edus writing a glitch sounthudhaa’.
For example words like'du’a’ (death), ‘hara’ (today), ‘bay’ee’,
(many), etc contain glitch the sound3he following are the most commonly used Afaan
Oromo punctuation marks.

1. Full stop(.): mostly used at the end of sentemzkwsed in abbreviations

2. Comma (,): is used to separate listing in a seltenc

3. Question mark (?): used at the end interrogaeveences

4

. Exclamation mark (!): used at the end of commamtiexclamatory sentences
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CHAPTER THREE

GRAMMAR CHECKER

3.1. Introduction

Natural language is a way for humans to communiaateg all written and spoken words and
sentences. People speaking the same language cacateuand understand each other while
people speaking different languages cannot comratai8]. Communicators understand each

other because they know and follow same grammatibalof the language they use.

Every Natural language has its own grammar. Granoharlanguage deal with the forms and
structure of words (morphology), their arrangemarphrases and sentences (syntax), and their
classification based on their function (parts ofesgh) [3]. If there is a difference in syntax or

morphology in two languages, these languages drtheasame [5].

3.2. Grammar errors

Errors which may appear in written text can be gatieed as spelling errors, grammar errors,
style errors or semantic errors [2].

Spelling errors are errors that are caused duéedartappropriate arrangements of letters or
characters in word making [2]. These errors arenddfas an error which can be found by
common spell checker software [2]. Spell checkerply compare the words of a text with a

large list of known words. If a word is not in thst, it is considered incorrect. Similar words

will then be suggested as alternatives.

Style errors may happen because of Using uncomnoodsrand complicated sentence structures

which make a text more difficult to understand [2].

Semantic error is occurred when a sentence contaiosrect meaning of information in a text.
It requires extensive knowledge to identify sem@aegtrors in the text[2]. Therefore, these errors
usually cannot be detected automatically.

Consider the following example adopted from[2]

MySQL is a great editor for programming

This sentence is neither true nor false — it singf@gs not make sense, as MySQL is not an

editor, but a database. This cannot be known, heweithout extensive world knowledge.
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People may create errors which may violate theasymt rule of the language while writing or
speaking. Those errors which violate the syntdatis of the language are called grammatical
errors [1, 2, 15].

In this study, the researcher only focuses on tiayais of grammar errors. The analysis of
spelling errors, style errors and semantic erroesbe&yond the scope of this research. Every
natural language has their own grammar rule andlaggns that differentiate them from others
languages. Different types of grammatical erroasy mccur during writing or speaking in Afaan

Oromo.

3.2.1. Subject verb agreement

In Afaan Oromo, the subject of the sentence musteagith verb in three different forms. i.e.

number, gender and person[3,44]. Let us illustnatle example.

3.  * Baratootni gara mana harumsaa deeme.
N 2L P\ A

The students to school went
4.  * Ani kitaaba bitte.
M_/ ——
| 'abook buy
5. * Mucayyoon barataa cimaa dha.
N J U J

\_Y_}

The girl sfudent clever'is
The first sentence above shows a number mismatchAfemn Oromo. The subject
“Baratootni  *is plural form, whereas the vetdeeme” refers to singular form of verbs for
the subject. The second sentence has a person ttisinat. The subjectAni” is first person
singular, whereas the veflbitte “is a verb used for the third person singular feng@nin the
third sentence, there is gender mismatch betwelgieduand verb. The subjet¥lucayyoon”
is feminine, whereas the vetbimaa” is a verb used for masculine subject. The subjerdh v
disagreement can be corrected by either changenguhject or the verb. For instance, changing

the verbs in the above sentences corrects thenemste

NB: * represents the sentences are grammatically in correct.

1. Baratootni gara mana barumsaa deeman. (The student s went
to school)

2. Ani kitaaba bite.(I buy a book)

3. Mucayyoon barattuu cimtuu dha.(The girl is clever s tudent)
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3.2.2. Word Order

Different languages have different word order [[L,\®ord order includes the general structure
of the sentence, the modifier and modified wordeor@djective and noun or adverb and verb)
and the like. Afaan Oromo mainly follows SOV semirstructure [1]. For instance, in the
sentence

”»

“Toolan leenca ajjese.
Tolm kille
[S] [O] [V
The word“Toolan” is the name of the person who is the subject ofstér@ence. The word

“leenca ”(alion ) which is the object, while the wof@djjese” (killed ) is the verb.

As long as the placement of the words of the laggua wrong, then the sentence is considered
grammatically incorrect. The word order also in@sidhe order adjective and noun , the order of
adverb and verb, the order of verb and sentencdsaed the other word class order in a
sentenceln Afaan Oromo, Adjectives should appear afterrtben that they modify and adverbs

should appear before the verb they modify.

3.2.3. Adjective and Noun Agreement

Modifiers are words or phrases that are used engesace to elaborate something [15]. Modifiers
may be either adjectives which modify noun or abdsewhich modify verbs. An adjective is
used in a sentence to give a clear picture of thenhat it modifies. It is simply a word that tell
more about the noun. Adjectives are inflected fambher and gender of the noun they modify. If
an adjective is inflected for number and gendethefnoun, the number and the gender should
agree with the number and gender of the noun. BaAfOromo, adjectives appear after nouns
that they modify. For example:

mucoo gurratti

g a black Y
is a noun phrase that contains adjectyaratti’(black) and nourtmucoo "( girl ).
The noun“mucoo” ( girl ) has a feminine character and the adjecthgurratti”
(black)  has a feminine gender marker in it. If this phrgsewritten like:

*mucoo gurracha

girl a black
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it would be grammatically incorrect as the gendarkar (which is masculine marker) in the
adjective does not match with the gender of thenndo correct adjective noun disagreements in
gender, either the noun should be changed to theegef the adjective or the gender marker in

the adjective should be changed to the genddreofioun.

Adjectives and nouns should also agree in numbamsider the example:
*baratoota cim&/_)

“Students clever
The above example shows adjective noun disagreemenimber. It contains a singular marker
in the adjective and the noun it modifies is a @lumoun. The adjective and noun disagreement
can be corrected by adjusting number marker etthethe adjective or the noun. For instance,
the example above can be modified as:
baratoota cicimoo or barataa cimaa

Clevelf students 'studentclever ¥

3.2.4. Adverb and Verb Agreement

In Afaan Oromo, adverbs usually modify the firsttvéhat comes next to them [1]. As in many
languages Afaan Oromo adverbs are classified imbzlasses such as adverbs of time, place,
manner etc.[3,34,35]

The time adverbs describe the time at which anteedes place. The place adverbs describe the
place where events take place. The time adverhirenténse disagreement is one of the common
grammatical errors in Afaan Oromo, especially fewrlanguage learners [3].

Consider the following sentence.

*I§iqi|aan kglegssa dhufa}.

- - Y Y .
Bikila yesterday  will come

In this sentence kaleessa’( yesterday ) is adverb of time which is in the past. But the
verb “dhufa”(will come ) expresses the action that will be done in theréutiihe above

sentence can be corrected either by modifying tiverd or verb.

“Bigilaan Kaleessa dhufe.” Or “Bigilaan boru d hufa.”
- J - J J —~— \ ) — Yy
Bikila” yesterday ‘came Bikila tomorrow w ill come

Here the adverb and verb agree in both sentences
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3.3. Approaches to grammar checking

Basically, four approaches are used for grammackthg in a language, i.e pattern matching
approach, statistical approach, rule-based appraaginybrid approach [8].

3.3.1. Pattern Matching
In the a pattern matching approach common gramaiaticstakes are stored together with their
corrections, and a sentence, or part of it, is lebeédy matching it to some error entry in the data
storage[8]. In case of a match, an error is idedtifand can be corrected with the stored
correction. This method is quite effective for ffaterns that are in the data storage. But there is
a lack of generality and every small differencgiammar needs a new pattern. For example the
wrong sentences,

* Hesell .and
* He tell.

need separate entries in the database, even iflifiey only in one character, the missiisg for
third person singular. As a result storage spadbdsmain problem of this approach. This is
because every error that may appear in the langoeges its own entry in the lookup table to

correct the error.

3.3.2. Rule-based approach

The rule based approadch a common way for checking the grammatical corresgnef the
sentences. In this approach, an input text isdestainst manually handcrafted rules [1, 2, 21].
For instance, simple rules can be used to deteatsewhich are very easy to find, e.g. double
punctuations. But, for more complex sentences thlesrto detect errors become more
complicated. Constructing the rules manuallyris of the disadvantages in this approach [1, 8,
15]. Another disadvantages of this approach is, rthes constructed may not be complete.
Therefore, this approach cannot solve both compaumdcomplex sentences since it is difficult
to set rules for compound and complex sentencekh|1,

This method has several attractive features [1 M8y rules can be easily added to the system;
an existing rule can be modified or can easilydmaaved. Every rule can have a corresponding
extensive explanation of error message whacé helpful for the end users. The rules can be

defined by linguists, with limited or no programmiskills.
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3.3.3. Statistical approaches

Another approach for grammar checking is the siegisapproach. The main assumption in this
approach is that sentence can be corrected by usirgg amounts of text containing
grammatically correct sentences [10, 8, 15]. ThHegts form sequences of tokens or POS tags
which are used to detect grammatical errors irgthen sentences.

In the statistical approach, we can simply meagshee probability of tokens or POS tags
seqguences in a sentence using n-gram analysislén tw determine the grammatical correctness
of a sentence [10]. If the sequence of tokens@§ Pags is common in the corpus and the
probability of it is not zero then the text is cmlesed as correct. If the sequence is not common
or do not appear in the corpus, the probabilityolees zero and the text is considered incorrect.

This approach can be implemented using n-gram sisalytwo ways [8, 10].

3.3.3.1. Token N-gram Analysis

In the token N-gram analysis the probability ofénk appearing in a certain order is calculated.
Based on the value of N (1, 2, 3, 4, ...), N adjadekiens are selected to calculate the

probability of the sentence. For example, usingadganalysis the probability of the sentence

He is playing.
can be given by:
P (“He is playing.”) = P (He | <start>) * P (is | H e)*
P (playing | is) * P (. | pl aying) *
P (.|<end>)

P is the probability of the sentence or probabibfythe token sequence in the sentence. For
instance P(He|<start ) is the probability of the word coming at the stairtthe sentence. It
can be calculated by count @fstart> He ) divided by the total number of sentences in the

corpus.

Now if any of these three words are not in thenirag corpus then the probability of the sentence
will become zero because of multiplication. If weerefore consider the words in this statistical

method then we need a huge corpus that must caaltdaive words of the language.
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3.3.3.2. Tag n-gram Analysis

In token N-gram analysis, the probability of theiteace may become zero because the exact
word may not found in the training corpus [10]. Save this problem, tag N-gram analysis can
be used. In tag N-gram analysis, every word it bloé training corpus and the testing sentence
are assigned to their POS tag [8]. The POS tagmagases the availability of words in the

corpus. This is because,two different words magrgko the same word class.

After POS tagging the probability of a POS tag amgnafter any other adjacent POS tag is

calculated. Take again the sentence in the prewrasiple:
He is playing.
After the POS tagging, the sentence becomes
“Hel/pps is/bez playing/vbg ./.".
where the token after theé is the POS tag of words.

Now we can use the tag sequence to calculate timbility of the sentence. To calculate the
probability of the sentence there should be thetesee start(<start>) sentence

end&/End> ) to show the start and the end of the sentence

P (pps bez vbg .) = P (pps | <start>) *P(bez | pps) * P(vbg |
bez) * P(. | vbg) * p(</End>).

In the statistical approach, two different ways ¢enused to achieve the goal of correcting
grammar [5]. The first one is done by comparing $betence to be corrected with sentences in
the corpus directly. The second way is driving aafegrammar rules from data stored in the

corpus.

3.3.4. Hybrid Approaches

A Hybrid approach is the combination of rule baapgroach and statistical approach [15]. This
approach helps the system to achieve high effigiemd robustness [18]. High efficiency and
robustness are obtained by taking the good qualitighe rule-based and statistical approaches
[15].
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3.4. Tasks in Grammar checking
3.4.1.Tokenization

Tokenization is the process of splitting down gitert into sentences and then into tokens if
necessary. Tokens are every item including wordnber, punctuation, abbreviation, etc in a

sentence [8].

The main challenge of tokenization is the detectébrthe sentence and word boundaries. For
example, in the English language, the period () loa used for several tasks. It can be used as
sentence end marker, as a decimal delimiter, amaok abbreviations [8]. Period in Afaan

Oromo is also used for marking end of sentence,decimal delimiter or to mark abbreviations

This causes problems in determining the correatesee end marker. To solve this problem a
list with abbreviations can be used to distingubbreviations and the sentence end marker. But
if we consider a sentence with an abbreviatiorhaténd of a sentence, there is an ambiguity

which needs to be resolved.

Another challenge in tokenization is the detectmhword boundaries. Usually words are
delimited by white space characters. There are sexseptions, e.g. multiword expressions,
which need a different treatment. An example fas ik the expression “ to kick the bucket”
taken from [8]. If the space character is usedhasword delimiter, the result is four individual
tokens that are tagged individually. But if we &eking for the idiomatic meaning (to die), the
whole expression needs to be tagged as a verb.

In Afaan Oromo tokenizing compound words is chajleg. This is because Afaan Oromo
compound words are mostly words that are made wpdifferent words separated by space.

Since there is space between the two words thaideconsiders them as separate word.

This is different in other languages like Chinedaiclr use logographic symbols representing
words. Chinese and Japanese use the period aseacelelimiter, words are not necessarily
delimited by white space unlike English and Afaao®o. One can see here that tokenization is
not an easy task and has potential influence omtharacy of any method, like tagging, which

depends on this task.

Clitics can be interpreted as on its own, or it bansplit and interpreted as two words during

tokenization. For example, the word can’t can kerpreted as one token (can’t) or as two
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tokens (can and not). There are several similags;aghere more than one possibility can make
sense. One of such case is the handling of numbleestormat of numbers can vary greatly, e.g.
large numbers can be written without any punctuadi® 1124000.

3.4.2. Parts Of Speech Tagging

Part-of-speech (POS) tagging is the act of assigeath word in a sentence a tag that describes
how that word is used in the sentences [34,35].imbst common POS include noun, pronoun,
verb, adjective, adverb, preposition, conjunctiatgrjection and the like [15]. A POS tagger
attempts to assign the corresponding POS tag towaxd in a sentence, by taking into account
the context in which this word appears [8].

For example, given the sentence

“BQontun k;\leessa deemt
~——— &’_}

Bontu' yesterday went

The tagging result of the sentence using a tagssat by [34] can be given as

“Boontun”™\NN “kaleessa”\AD “deemte”\VV
where NN stands for noun tag, AD for adverb tag @xdor verb tag.
In the above example, the words in the sentenceagged with appropriate lexical categories of
noun(NN), adverb(AD) and verb(VV) respectively. Thmcess of tagging takes a sentence as
input, assigns a POS tag to the words or tokerss sentence or in a corpus and produces the
tagged text as output.

POS tagging has great advantage for grammar chedRin It helps to understand grammar
mistakes that can be made and figure out how toecbthem. It is also very advantageous in
grammar checking as it is very difficult to includach word of the language in the manually
constructed rules or corpus.

3.4.3. Morphological Analysis

Words are the basic elements of a language [1@y &ne formed from smallest meaningful unit
called morphemes which include the root and boundphemes [15]. Afaan Oromo has a very
rich morphology [1]. It has the basic features gglatinative languages where all bound forms
(morphemes) are affixes (prefix, suffix and infiX)]. For example“kufte ” has two

meaningful parts (morpheme$kuf ” the root andte ” the bound morpheme.
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Morphological Analysis is the process of findinge tmorphemes of the word and providing
grammatical information for the word based on thentified morphemes [15, 16]. For example,
the word"kufte " has the morphemékuf” and “te ”. “kuf’ is the root word antte”

is a bound morpheme that indicates a feminine gende

A program or system that performs morphologicalysisiis known as morphological analyzer.
It detects the morphemes and provides grammatiéatmation for the morphemes of an input
word.

In morphologically rich languages like Afaan Oromrmgrphological analysis is more crucial.
Morphological Analysis is very important for manigher level natural language applications
such as grammar checker, machine translation, Bgeeognition, information retrieval and the
like[16]. For grammar checker, morphological anelygrovides detailed grammatical

information of words in a given sentence.

3.4.4. The statistical language model

A statistical approach does not need language ressuike handcrafted grammatical rules,
except for a tagged corpus to train the languageem@M)[15]. Statistical language modeling
(SLM) is the attempt to capture regularities ofunat language for the purpose of improving the
performance of various natural language applicatipti]. In statistical language modeling,
large amounts of text are used to automaticallyerd@he the model's parameters [42]. A
language model is used to estimate the proballigyibution of various linguistic units, such as

words, sentences, and whole docum§gtfs

Statistical language modeling is crucial for a éaxgriety of language technology applications.
These include speech recognition (where SLM gotsitst), machine translation, document
classification and routing, optical character regbgn, information retrieval, handwriting

recognition, spelling correction, grammar correctamd any more [41].

There are different techniques to develop thesdiedl language model. These include n-gram
models, decision tree models, linguistically matiech models, Exponential models, adaptive

models. In this study n-gram models is the onlyawed technique [41].

An n-gram language model is one of the major &ttaéil language modeling methods used for
different NLP applications [41, 42]. It is usuaftyrmulated as the distribution of probability (P)
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over string (S) that attempts to reflect how fragileS occurs as a sentence [43]. The language
is modeled by calculating the probability of suhssace of N tokens in sentence, where token
can bewords, phonemes, characters, morphemes, syllabtedlacan be range from 1 to many
[19]. The subsequence of tokens can be formed bgidering N adjacent or non-adjacent units
extracted from the training text [8].

Consider the following Afaan Oromo sentence.

Baratotni hundinu qoruumsa darbuuf sirritti go’ata n
(All students studied hard to pass the exam.)

Considering the above sentence the two tokensrémrgsubsequences of the sentence can be
formed are as follows

“Baratotni hundinu”,

“hundinu goruumsa”,

“goruumsa darbuuf”,

“darbuuf sirritti”

“sirritti qo’atan
In general, given the sentence with Mimber of tokens and N-gram model, the maximum
number of subsequences occurring in the sentemcbecaalculated as:

Ns =N -(N-1)

whereNs is the total number of subsequence in the sent®&hcés the number of token in the

sentence anlis the number of tokens in the single subsequfiide

Depending on the number of tokens used in the sulesee, different names are given to n-
gram language model. Uni-gram, Bi-gram, Tri-gr&uad-gram and Penta-gram féis equal

to 1, 2, 3, 4 or 5 respectively.

Let us introduce this model by considering the dése; this model is called bigram language
model. First, we note that for a sentersc&eomposed of the words; ....wn,, the bi-gram

language model of the sentersde given ag15, 42, 43].

P(s) =P(w 1w) *P(Wws).... P(W n W) = izt P(Wiw;, 1)
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Consider the sentence as an example

He is clever.

The bi-gram language model of the sentence canvke gs:
P(He is clever)=P(He|<start>) * P(is|He) *P(clever| is) *

P(<.>|clever) * P(<end>|.)

P(Wz|W,) is the probability of the sequence which is calculdigd
P(W,|Wy)= C(W_, W)
C(W

1)
where W and W are words and C is their respective count

An n-gram language model is basically used foriSteal grammar checker [42, 43]. This is to
enable the statistical grammar checker find thebgodistic occurrence of sentences in the

corpus.

3.5. Related works

3.5.1. Rule base checkers

Rule based is the most common grammar checkingoappr[1,15]. Grammar checkers for
different languages have been developed usingpipsoach. One of these grammar checkers is
the rule based Afaan Oromo grammar checker by BfHel Debela[l] used manually
constructed rules in order to identify the gramupsticorrectness of a text. Totally 123 rules

were constructed for detecting the errors and stggepossible solution.

This grammar checker has five components. The dostponent is the tokenizer module, in
which the input text is split into a sentence. Beeond module, part of speech (POS) tagger,
assigns each word into its POS tag. The stemmeuimasl the third module which accepts the

tagged word and provides the root and affixestertagged word.

The fourth module, which is a grammatical relatifimder, assigns grammatical relations
between word classes. These include subject arfal gebject andhdjective, main verb and
subordinate verb in terms of number gender ancetélse agreement between word classes is
checked based on the prepared rules. The agreearenteetween subject and verb, subject and
adjective, main verb and subordinate verb in numtemise, gender and other causes. The rules

take the affixes those which are produced by tlaenster module in order to check the
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agreement between words. Grammatical informatiothefwords is constructed and presented
using affix-rules in the language. The last modislea suggestion creating module which

suggests the correct sentence options.

The rule-based Afan Oromo grammar checker was ateduusing precision and recall

evaluation metrics. The precision and recall walsutated based on the counting made on the
number of errors in the text, the number of ermdestected by the grammar checker and the
number of errors correctly detected by the gramoteecker. The researcher states that the

grammar checker has 89.89% of precision and 80%lrec

Incorrect POS tags were identified as the firssoeafor the false alarm. The POS tagger assigns
incorrect POS tag for some words. The second reassnproduction of wrong affixes by the
stemmer. As most of the rules are constructedifiople sentences, most of the false flags are on

complex and compound sentences.

Another grammar checker developed using rule bappdoach is by [2]. The aim of the work
was to develop a grammar and style checker sydtanknglish language, which can be used

both as standalone and integrated in word procaystems.

The style and grammar checker described in thergages a text and returns a list of possible
errors. To detect errors, each word of the texassigned into its part-of-speech tag i.e. noun,
verb, determiner, adjective, adverb and the likeani words can have different POS tags
depending on their context. If the number of PO&s tencreases, it will be more difficult to

handle for the algorithm to find the right tag forgiven occurrence of a word. For example a
word may be tagged as a verb or a noun dependirtheonontext of the sentence. After POS

tagging, each sentence is split into chunks, egnmphrases.

The grammar checker has 42 pre-defined grammas, wlgich are simply a sequence of tokens.
The text, after tagging and chunking, is matchediresg all these pre-defined error rules. The
mal-rules are defined in XML. The rules describ®ex as patterns of words, part-of-speech tags
and chunks. A rule defines incorrect sequenceldaolf a rule matches, the text is supposed to
contain an error at the position of the match. Eadh also includes a description about the

error.
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The evaluation for the English style and grammacg&br was not based on precision and recall
values. As the researcher explained in the papegrpus of yet unedited text with all errors
marked up is required to calculate foeaningful precision/recall values. However, theotece

of such kind was not publicly available when theegrch was conducted. Therefore, to evaluate
the system two corpora were prepared; a corpusothigtcontains sentences with errors and a

corpus that contains very few errors (BNC's texts).

The BNC's texts have been proof-read. When thelaras evaluated with this text, it claimed
11 errors in 74,900 sentences. However, most cfetlegrors are false alarms. The researcher
stated that the reason for the false alarm migltuocthe text was incorrectly split into
sentences, a word has been assigned an incormeaif{sgpeech tag, or the rule simply is not
strict enough and triggers too often.

The checker also evaluated using another corpushwtontains sentences with errors and
compared with Microsoft Word 2000 checker. The graanchecker detects 22 errors whereas
MS-word detects 29 errors. But, this style and gramchecker identifies errors in the same
sentence when the errors are independent of ontkean@his kind of error could not be detected
in MS-word 2000. MS-word 2000 can not specify mibr@ one error per sentence.

Furthermore, Grammar Checking with Dependency Rari21] is another grammar checker

developed using rule based approach. It is a pessittension for style and grammar checker. In
this research the researcher identifies the galperstyle and grammar checker tools and tries to
fill the gap. In the style and grammar checker leagg tool, the rules do not consider the words
between any two token sequences [21]. But in[21d ttied to consider the words between any

two token sequence.

3.5.2. Statistical grammar checker

There are different grammar checkers developedyubis approach. Amharic grammar checker
is the one [15]. In the attempt by [15], two gramrmohecker approaches have been tested. This

grammar checker has been tested for both simple@mnglex sentences.

The statistical Amharic grammar checker uses n-gaseh probabilistic methods to check a
grammatical correctness of Amharic sentence. Thtensa and their probabilities of occurrence
are automatically extracted from the training cerpand stored in a repository. Sentence

probability can be calculated using these pattems probabilities. Then, probability of the
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sentence and specified threshold are used to deeerthe correctness of the sentence. The
corpus, both for training and testing the gramniaacker are compiled from a manually tagged

Ambharic language.

The performance of the grammar checker is evaluaget) two test cases. The first test case is
done on simple sentences. In this test case, ttierpance of the grammar shows 90.38% % of

precision and 17.12% of recall.

The statistical Amharic grammar checker is testgeidgicomplex sentences in the second test
case. In this test case, 13.71% of the errors atecttd. The false alarms are due to the
incomplete grammatical rules and quality of theistiaal data. The accuracy of morphological

analyzer also affects the grammar checking result.

N-gram based Statistical Grammar Checker for Baagkh English [10] is another grammar
checker developed using the statistical approable. ethod checks the probability of the N
words occurring together in the corpora. For exanplhen N= 2, which is bigram case, the
system checks how often each pair of words oceutisa corpora and calculated the probability.
Using the calculated probability of pair of wordsthe probability of the sentence to be tested is
calculated. If the probability of the sentenceab®ve some threshold i.e zero in this study, the
sentence will be considered as grammatically carfobability of a sequence becomes zero
when two or more consecutive tags cannot be fitetteey (or in other word they are
incompatible). If one of the sequences probalditeezero, the sentence probability will become

zero (property of zero multiplication).

To avoid zero probability, in n-gram based statadtigrammar checker, first all the words in a
sentence are assigned to their POS tag. Thenndetethe sequence probability of word tags.
Sentence probability will be calculated based @nwlord sequences probability. Finally, if the

sentence probability is above a given thresholel sémtence is correct otherwise it is incotrect

The performance of n-gram based grammar checkesisd using manually and automatically
tagged corpus. The paper does not clearly statetwdurpora is used to train and test the system.
Using manually tagged corpus, the performance efgtammar checker for English is 13%
(detected 424 sentences as correct, out of 81&atm@entences). Using manually tagged corpus,
the grammar checker's performance is 43.7% (dete2@3 sentences out of 378 correct

sentences) in Bangla.
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The performance of the grammar checker also testied) 32 automatically tagged sentences for
Bangla. Then, the grammar checker produced resitift wer performance which is 38%
correct result.

The researcher stated that one of the reasonkddowv performance of the grammar checker is
the performance of POS tagger. Most of the erroa$ ¢tould not be detected by the grammar
checker are agreement errors (i.e. a mismatchritbey, person...).

To overcome this problem, a tag set wahreement feature is required. The grammar checker
works well on simple sentence than on compound. §renmar checker shows lower

performance on corpus which contains large compsentences.

LISGrammarChecker: Language Independent StatisBcammar Checking is another grammar
checker developed using the statistical approach[8le researchers consider a database
containing all bi, tri, quad, and penta grams &etts and of tags of a language. This database is
built up in a training phase. When the databagwiil up, statistical information was gathered.

This statistical information is used for detectergors and proposes error corrections.

Every sentence is checked for all n-grams of tokems n-grams of tags and different error
points are given if a specific n-gram is wrong. Theearcher explained this approach with an

example using trigrams. Consider the following sané
“All modern houses are usually very secure.”

In the LISGrammar checker the researcher firstagkérevery trigram sequences out of the above

sentence.

“All modern houses”,
“modern houses are”,
“houses are usually”,
“are usually very”,
“usually very secure”
These are the trigram sequence that can be exré&wm the sentencelhen these trigram

sequences are saved into the database for training.
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For checking the grammatical correctness the seatéAll modern houses is

usually very secure.” which contain wrong verb tense, first the trigraeguence of
sentence is extracted and the existence of evignarmn sequence in the database is checked. In
this case, the trigraffnouses is usually” is not found in the database, and thus an error
is assumed. Additionally, this trigram analysisiso done for trigrams of tags, not only for the

trigrams of the tokens themselves.

LISGrammarChecker aims to be completely languagepandent. It achieves the language
independence by the opportunity to train the dat@ldar every natural language. The checking
is then done for the specified language. This gramahecker only uses statistical data for
grammar checking. This facilitates all languageséoused in the same program. And this
program allows also languages where it is impossiblwhere the language is not spread enough

to write a set of rules for grammar checking.
3.5.3. Hybrid grammar checker

Granska is a hybrid grammar checking system thas usirface grammar rules to check
grammatical constructions in Swedish. The systemmbioes probabilistic and rule-based
methods to achieve high efficiency and robustnedsch is a necessary prerequisite for a
grammar checker that runs in real time in diretgrizction with users [18]. Using error detection
rules, the system can detect a number of Swedahmar problems and suggest corrections for

them.
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CHAPTER FOUR

DESIGN AND IMPLEMENTATION

4.1. Introduction

There are different approaches to grammar checluode based, Statistical based and Hybrid
approaches are the most widely used ones [8, 10,Ii5his study Afaan Oromo grammar

checker is developed using the statistical approach

The statistical approach generally checks gramrharlanguage by calculating the probability
of a sentence based on word sequence statistlos.prbbability is calculated by comparing the
sequence of words in an input text in which ersdrsuld be detected with the sequence of words
in the text stored in the corpus. To allow the cargon, both the input text and the text in the

corpus need to be analyzed with respect to thgnams (bi-gram, tri-gram, etc).

Based on the calculated value of the probabilihg sentence is categorized as correct or
incorrect. If the probability of a sentence is geedhan a certain threshold settled, the sentence

is considered to be correct. Otherwise, the seetenconsidered as grammatically incorrect.

In statistical approach, two n-gram techniques lmarused [8]. These are Token based n-gram
check and POS tag based n-gram check. In this stuelyrave implemented the two techniques
for checking the correctness of a given Afaan Oreeatence and compare their performance in
detecting grammatically incorrect sentences. I filllowing sections the two techniques of

statistical aproach are discussed in detail.
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4.2. The Token n-gram technique

The token n-gram technique is one of the statisippgroach techniques used in this study for
checking whether a given Afaan Oromo sentenceasgratically correct or not. This technique
uses a sequences of tokens stored in the corpuldaking the grammatical correctness of input
sentence. This means, probability a sequenceskehsoin the input sentence are calculated by
using a sequences of tokens in the training corlfufie probability of the input sentence is
greater or equal to the threshold settled in otdedetermine the correctness of a sentence, the

sentence is considered as correct. Otherwise titersee is incorrect [8,10].

Generally, two basic workflows (modules) are perfed for checking the grammatical
correctness of Afaan Oromo sentence in this tecleniqThe first one is the training module,
which is used to train the system by filling thaadese with statistical data from the prepared
corpus for training the system. The second is #séirntg module, which is used for checking

grammatical correctness of a given Afaan Oromo. télkte system architecture is presented in

Fig 4.1.

| Corpus I Test Sentence
Sentence boundary m
detector

| word list } Word splitter
| Sequence Extractor _Eequence list
> I

- Sequence Probabilit
| Sequence probability F q lculat v
calculator

Test Sentence
Probability calculator

Probability>threshold

\ 4
correct
Incorrect

Fig 4.1 Architecture of Token N-gram check
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4.2.1 Training Module

The training module is used to train the systeniilbgg the database with statistical data from

the given corpus. The training module has thefalhg components
A. Sentence Boundary Detector

The sentence boundary detector splits the textdrcorpus into sentences by using punctuation
marks used to end the sentences in Afaan Oromaid@ey Thregounctuations marks may be
used to end sentence in Afaan Oromo [27,41]. Thesdull stop (.), question marks (?) and
exclamation mark (!). Using these punctuation maksplit indicators, the texts in the corpus

are split into sentences. The listing 4.1 presdé@sentence boundary detector algorithm.

Input: Training corpus

Algorithm:
Open the corpus

Sentence =empty
Read word in the corpus at a time
If the word ends ‘-’ or ‘?’ or ’!’
Sentence=Sentence +word
Add the sentence to repository
Sentence =empty
Else

Sentence=Sentence+ word

Output: list of sentence in a repository

Listing 4-1 Sentence boundary detector algorithm
B. Word boundary detector

After the input text is split into sentences, eaehtence is kept in a temporary repository. The
word boundary detector accepts a single senteoce tihe repository at time and then split the
sentence to a set of words (tokens). The wordtsplitses space as word delimiter to split the
sentence. The splitted sentences are then stomegbasitory for further processing. The listing
4.2 presents the word boundary detector algoritBptitting compound word is not covered in
this thesis.
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Input: A list of sentence

Algorithm:
For all sentences in the repository

Read sentence from the repository
Sentence =sentence-split()
Add the words to repository

Output: A list of words in the repository

Listing 4-2 word boundary detector algorithm

C. N-gram Sequence extractor

N-gram sequence extractor is used to extract Neseruof tokens in the sentence. The value of
N can be 2 or 3 for bigram sequences and trigrajuesees respectively. For the purpose of this
study SRILM language model is used in order to a=ttthe sequence [44]. The N-gram

sequence extractor accepts one sentence at arbmeséntence repository and extracts the bi-
gram or tri-gram sequence of tokens for the seetembe bi-gram sequences of sentence are
extracted by taking two successive tokens in thatesice. The N-gram sequence extractor adds
<S> and </S> for all sentences to show the stattla® end of the sentence before extracting the

sequence.

For example the bigram(N=2) sequence list ofstr@ence

“Ani kaleessa mana barumsaa deeme.”(l went to schoo | yesterday.)

First the sequence extractor adds sentence sthdrahto the sentence like the following.
“<S> Ani kaleessa mana barumssaa deeme.</S>"

By taking the two adjecnet tokens in the sentetieebigram sequence list will be
['<S> Ani’, 'Ani kaleessa’, ‘kaleessa mana’,

'mana barumsaa’ ,’barumsaa deeme’,’deeme </S>]
The tri-gram sequences are extracted in the sargeasvli-gram sequence extraction. The only
difference is in the case of tri-gram sequenceaeiitin three successive words are considered.

Again take the above sentence as an example,ignantr sequence list of the sentence can be
extracted as follows.

“Ani kaleessa mana barumsaa deeme.”(I went to scho ol yesterday.)

First the sequence extractor adds sentence sthdarahto the sentence.
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“<S> Ani kaleessa mana barumssaa deeme</S>"

Taking the three adjecent tokens in the sentehedrigram sequence list will be:
‘<S> Ani kaleessa’, 'Ani kaleessa mana’, ‘kalees sa mana barumsaa’,
'mana barumsaa deeme’ ,’barumsaa deeme </S>’

Both the tri-gram sequences and bi-gram sequerreestared in the temporary repository for

further processing. The algorithm for N-gram se@eesxtractor is given below in Listing 4.3.

Input: list of words sentences

Algorithm:
Read sentence in the repository

Trigram_sequence_list=empty, Bigram_sequence_list=empty
j=0
For sentence in the repository
Add <5> and </5> at start and end of the sentence respectively
i=0,x=0
For N-2 number of words in the sentence
Trigram_sequnce=sentence[j][i] + sentence[j][i+1] + sentence[j][i+2]
Add Trigram_sequence to Trigram_sequence_list
i=it7
For N-T number of words in the sentence
Bigram_sequence= sentence[jJ[x]+ sentence[j][x+1]

Add figram_sequence to Bigram_sequence_list
X=x+

.= o+7
Ad,d Trigam_sequence_list to repositor
Add B‘iq?'am"seguence"list to regositorz

Output: A list of Bigram and Trigram sequence in the repository

Listing 4-3 N-gram sequence extractor algorithm

D. Sequence probability calculator

Sequence probability calculator is the end tastheftraining module. It starts by accepting the
trigram and bigram sequence of the sentences fnemepository. To calculate the probability,
the trigram and bigram sequence vocabulary is ededthat is non repeatable sequences for both
trigram and bigram are stored in the repositorfedintly. For each sequence of tokens in the

vocabularies the occurrence of the sequence istedwand stored temporarilipr probability
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calculation. The probability calculation for tletudy is based on trigram “language model. The
trigram language model is a probabilistic modet taculates the probabilistic occurrence of a
token with the previous 2 tokens sequence for argsentence [15]. The probability of the given

trigram sequence is given by:

P(Ws|W1 W)= Count(W ;WW )/Count(W 1)

P is the probability oMWW sequencgiven the sequencdWand W W, W are the first,

second and third words(tokens) respectively.

The probability of the sequence is always betwego and one inclusive. After the probabilities
of all trigram sequences are calculated they aveedtin the repository with their respective

sequences. The algorithm for sequence probabditu@tor is presented in Listing 4.4.

Input: a list of sequence

Algorithm:
Trigram_Sequence_Vocabulary=empty

Bigram_sequence_vocabulary= empty
Read the bigram and trigram sequence from the repository

If  bigram _sequence in Bigram_sequence_vocabulary
ead another bigram_sequence

Else Add bigram_sequence to Bigram_sequence_vocabulary
If  trigram _sequence in trigram_sequence_vocabulary
Read another trigram_sequence
Else
Add trigram_sequence to trigram_sequence_vocabulary
Read trigram sequence from trigram_sequence_Vocabulary

P(trigramsequence)=count(trigramsequence)/count(bigramsequence)

add the probability and trigram sequence to the repository

Output: a list trigram sequence and their probability

Listing 4-4 sequence probability calculator algorithm
Where, count of the sequences is obtained fromSIRE.M language model in the sequence
extractor module.
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4.2.2. Testing module
The testing module is the second basic componeiwkan n-gram technique. It is used to check

whether a given Afaan Oromo sentence is grammaticakrect or not. This module starts by
accepting a single sentence from user as inputast different sub components that work
different function for checking the grammatical iddly of input sentence. Most of the
components used in the testing module are sinal#éng component used in training module. For
example the word boundary detectors, sequencecéxtsaare similar in both training and testing
module.

A. Sentence probability calculator

The sentence probability calculation module cakaglahe probability of input sentence based on
tri-gram language model. The probability calculaaocepts the trigram sequence lists of input
sentence stored by n-gram sequence extractor iteshiag module and the trigram sequence list

and their probabilities stored by sequence prolloihlculator in the training module

The probability for the trigram sequence list af ihput sentence is calculated by matching the
sequence with the sequence of training sentencesdsin the repository. If a match is found for
the sequence, the probability of that matched sempiés assigned to the sequence of input
sentence. Otherwise, the probability of the segeesn@ssigned to the probability of unknown
words. The probability of input sentence is caltedaby multiplying the probability of all

trigram sequences in the sentence. List 4.5 presgleatsentence probability calculator algorithm.

Input: -A list of triagram sequence from the repository
‘A list of triagram sequence of the input sentence

Algorithm:
Read Trigram_sequence_list of input sentence
Read Trigram_sequence_list and their probability in the corpus
For all Trigram_sequence in the Trigram_sequence-list of input sentence
if triagram sequence of input sentence found in the repository
Trigram_sequenceprobability= probability of the sequence in the corpus
Else
Trigram_sequenceprobability=1/vocabulary size
Probability of sentence=multiplication of tri-gram sequence probability

Output: probability of input sentence

Listing 4-5 sentence probability calculator algorithm
46



The following example shows how the probabilityadest sentence is calculated.

Example: Assume the following statistical data exighe training corpus

Trigram sequence Count | Bigram sequence Count
(<S> Tolaan  hiriyaa 2 (<S>Toolan 4
Tolaan hiriyaa isaa 1 Tolaan hiriyaa 2
hiriyaa isaa waliin 2 hiriyaa isaa 5
isaa waliin taphachaa 1 isaa waliin 4
waliin taphachaa jira 3 waliin tapachaa 5
tapachaa jira </S> 1 taphachaa jira 2

Table 4.1 a sample statistical data taken fromnitmgi corpus for calculating a probability of
sentence

The probability of the sentence
‘Tolaan hiriyaa isaa waliin taphachaa jira. ' can be calculated as:

P(<S>Tolaan hiriyaa isaa waliin tabachaa jira </S>) =

P(hiriyaa|<S> Tolaan) * P(isaa |hiriya Tolaa n) *
P(waliin |isaa hiriyaa) * P(taphachaa|waliin isaa) *
P(jiraltaphachaa waliin) * P(</S>| jira taphachaa )

Where P is the probability of sequence which is given by

P(hiriyaa|<S> Tolaan) = Count(<S> Tolaan hiriyaa) =2 _ =05
Count (<S>Toolan) 4

P(isaa |hiriyaa Tolaan) = count(Tolaan hiriyaa isaa) =1 =05
Count(Tolaan hiriyaa) = 2

P(waliin |isaa hiriyaa)= count(hiriyaa isaa waliin )=2_=04
Count(hiriyaa isaa) 5

P(taphachaalwaliin isaa)= count(isaa waliin taphach aa) =1 =0.25
Count(isaa waliin) 4

P(jiraltaphachaa waliin)= count(waliin taphachaa ji ra) =3 =0.6
Count(waliin tapachaa) 5

P(</S>| jira taphachaa)= count(tapachaa jira </S> =1 _ =05
Count(taphachaa jira) 2

Finally the probability of this sentence is by fireduct of the above sequence probability

P(<S>Tolaan hiriyaa isaa waliin tabachaa jira </S>) =

0.5*0.5*0.4* 0.25*0.6*0.5=0.0075
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B. Grammar checking
The main aim of this module is to determine whetherinput sentence is grammatically correct

or not based on the result of sentence probabflityge sentence is grammatically correct, if the

probability of the sentence is greater than a tiokels Otherwise the sentence is considered
incorrect.

4.2.3 Problem in Token N-gram check
1. Token N-gram check needs huge corpus for checkieggtammar of language [8]. But,

there is no well organized corpus that containstaf all Afaan Oromo sentences.

2. This technique does not work well if the sequerafeskens in a sentence do not exist in
the training corpus [8]. This is because if theettk in the sequence do not exist in the
training corpus they are considered as Out of Volealp (OOV), which decreases the
probability of the sequence. Therefore, some gratally correct sentence may be
adjudged to be incorrect if the sequence of tokethe sentence is not found in the
corpus.

3. Itis difficult to identify what is wrong with inaoect sentence [8]. Because, no linguistic
information about the word is used or it difficati know the grammatical relations
among words.

4.3. Tag N-gram technique
Tag n-gram check is the second technique useddokdie grammatical correctness of Afaan

Oromo sentences. As explained in section 4.2.3aken n-gram method does not work well if
the sequence of tokens in a sentence does notimxigining corpus. To overcome the problem
in token n-gram method, the tag n-gram method @aruged. In this method POS tag and
linguistic information of each token are used imdtef token for checking the grammatical
correctness of Afan Oromo sentences.
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The Architecture of tag n-gram check techniquetthvsmain modules similar to token N-gram
check. These are the training module and the gestiodule. The training module is used to train

the system by using training set prepared for itngithe system.

The testing module is used to check whether thtesees in the test set are correct or not. Both

the training and the testing modules in tag n-gcheck are discussed below.

— Test Sentence
Training Corous

. Sentences li
Sentence splitter
word list j— Word splitter
S

POS tagger Tagged words

| Sequence Ilsl Sequence Extractor

Sequence Probabilit -
» q v Sequence probability
calculator
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Probability>0
Morphological Analyzer .
pholos Y I| Analyzed word list I
/ Incorrect /

l

m

‘

No Yes

Agreement checking > |

| " vory/ s/

Figure 4.2 Architecture of tag N-gram check
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4.3.1. Training Module

The training module in tag n-gram method is simvath the training module in token n-gram
method. It is used to fill the database with stetal data by accepting the prepared Afaan
Oromo training dataset. In the following subsediotine algorithms not covered elsewhere are

presented.

A. POS Tagger

POS tagger is one of the NLP applications whiclgassords to its part of speech [1, ,34, 35].
In order to maximize the performance of grammarckbe applications, it is very important to
include POS tagger as a pre-process [15]. In thdyseach word in both training and test dataset

is assigned to its POS tag.

This is very helpful as processing all the words aery difficult to handle [8]. The reason for
this is, a word may not occur at all in the corpusoccur only once or very few times. These

make calculating probability difficult and unrellab

In this study, the researcher uses TnT POS taggessign words to their part of speech. TnT is
the short form offrigrams ‘n’ tags.lt is a very efficient statistical part of speedggder that is
trainable on different languages and any tag setbeaused [20]Tnt tagger requires manually
tagged corpus for training the tagger. For thigdgtuhe researchers have used the manually
tagged corpus by Getachew Mamo [35] as the traidatg for the tagger. The Corpus contains
168 sentences and 18 tags in the tag set. Tntrtagg®porates several methods of smoothing

and handling of unknown words and it is optimizegpeed [20].

After each word is assigned to their part of speesimg Tnt tagger they are stored in the

temporary repository for further processing.

B. Sequence extractor

Sequence extractor is a module used to list the ®@Sequences for all sentence used in both
training and testing dataset based on language Ima#®l. The language model used for
SAOGC is trigram language model. This language moelguires the tri-gram and bi-gram
sequence for modeling the language. Thereforehitigegam and tri-gram sequences of POS tags

are extracted from the repository created in secti@.1 A.
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The sequence extractor first accepts tokens and RIS tags from the repository for a single
sentence. The extractor then separate tokens fremROS tag and store them in the temporary
repository. The extractor repeats these two stepsall sentences in the corpus. From the
temporary repository the bi-gram and tri-gram segeeof token information is extracted for
each sentence and stored in the repository.

The algorithm for sequence extractor in tag n-gmraethod is the same with the sequence
extractor in training module of token n-gram methdbe only difference is the element in the
sequence. In token n-gram check the sequencesircaotiection a words or tokens whereas in

tag n-gram methods the sequences are collectiont&§3S

C. The sequence probability calculator

The sequence probability calculator calculategtiobability of each trigram sequence based on
tri-gram language model. It reads one trigram saqe at time and calculates the probability for
that sequence by counting the occurrence of tliptesee and its preceding two sequences in the
repository.

The calculated probability and the sequence aredtno the repository for testing module. The
probability calculator then selects the seconddngsequence and check if the probability of the
sequence is calculated or not. If the probabistgalculated for the sequence it jumps to the next
sequence. Otherwise, the probability is calculéedhe sequence. This continues until the end
of the sequence list.
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Input: A list of POS tag

Algorithm:
Trigram_Sequence_Vocabulary=empty, Bigram_sequence_vocabulary= empty,
Trigram_sequence_count=empty, Bigram_sequence_count=empty

Read the binam sequence from the repository

If  bigraqm _sequence in Bigram_sequence_vocabulary
£l another bigram_sequefice
se

Add biqram_se%umce to Bigram_sequence_vocabulary
. Add the count of the sequence to Bigram_sequentce_count
Read the trigram sequence from the repository
/ tr/%ram _sequence in trigram_sequetice_vocabulary
£l ead ‘another trigram_sequence
se
Add trigram se?uence to trigram_sequence_vocabulary
) Add the count of the sequence to trigram_sequence_count
Read trigram sequence from trigram_sequence_Vocabilary

P(trigramsequence)=count(trigramsequence) / Count(bigramsequence)
add the probability and trigram sequence to the repository

Output: A list of tag N-gram sequence in a repository

Listing 4-6 tag N-gram sequence extractor algorithm

The following example shows how to calculate thigram probability of a tag sequence.
Reading the sequent&S><NN><VV>*

P(‘<S><NN><VV>")=Count(‘<S><NN><VV>")/ Count( ‘S><NN>")

The probability of the sequences are calculates thiis and stored in the repository for testing
module.

4.3.2.2 Testing Module

The testing module is used to test system by uiagest set prepared for testing the system.
The testing module accepts one sentence at a tmdechecks whether that sentence is
grammatically correct or not. Different activitiege performed for checking the sentence
correctness or incorrectness. Most of the actwitiee similar to the activities in training module.

Therefore it is not necessary to explain thoseviiets.

A. Word class agreement checker

The word class agreement checker is the last sulul@on tag n-gram technique. The word
class agreement checker checks the agreement loetvaed class in number, gender, etc. The
word class agreement checker starts agreementinogeifkthe probability of the sentence is

greater than the threshold. Otherwise, the sentesceéetermined as incorrect and the

incorrectness of the sentence can be adjudgedasect word order.
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However, if the sentence probability is greatenttiee threshold some of the words are analyzed
using the morphological analyzer in order to chigkagreement between the words. Since there
is no available Afaan Oromo morphological analyttex researchers tried to develop a rule
based simple morphological analyzer for the languaghe developed morphological analyzer
can only analyze words that are noun, verb, pronadjective part of speech. It reads one word
and its POS tag at a time from the repository aralyae the word if it's POS is either of Noun,
verb, pronoun or adjective.

In general the developed morphological analyzerlyarathe above words in their number
description, gender description and person desonigt The number description result may be
plural, singular or unknown. The gender descriptiesult may be masculine, feminine or
unknown. The person description is only for verd anonoun. The result of person description
may be first person, second person or third person.

After the words are analyzed in terms of the abdescription the word class agreement
checking module checks the agreement between viasd m number, gender and person. If the
words are agree in all descriptions the sentenceoisidered to be correct. Otherwise, the

sentence is incorrect and the disagreement is\togrectness of the sentence.
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CHAPTER FIVE

EXPERIMENTAL RESULTS AND DISCUSSION

In this chapter we will present the result of expents undertaken to evaluate the performance
of the two statistical approach techniques (Tokegr&n and Tag N-gram) used in this study.
The experiments are conducted by training the igcies on the training dataset and testing
them on the prepared testing dataset. The perfa®sanf these techniques and algorithms used

in each technique are also evaluated.

5.2.Data collection

Natural language processing using statistical aggroequires data in the form of corpora [41].
Corpora can be divided into two categories: anedtatorpora and unannotated corpora.
Unannotated corpora are simply large collectioraef text, whereas annotated corpora is a large
collection of text which contains text with theidditional information such as phonetic
transcription, part-of-speech tags, parse treeqd4é{. In this study the researcher has used both

annotated and unannotated corpora for differeriqses.

An unannotated corpus for this study is collectedt] a&ompiled from different sources.
Specifically it is collected from Oromiya Radio afi@levision Organization (ORTO) news,
Challacha Oromia newspaper and Internet based elike the Oromo section of Wikipedia.

An unannotated corpus in this research is useddtr training and testing the grammar checker.

An annotated corpus, which contains words withrtipairt of speech tag, is also used in this
study. This corpus is taken from manually tagged tesed by [35]. The corpus is selected
because there is no other available Afaan Oromotated corpus that contain words with their
part of speech tags publically. The main usehisf ¢orpus in this study is for training the POS

tagger module.

In general, the collected data are categorizea itwb broad class of dataset purposively. The
first class is training dataset which is used &ntthe system and the second class is the testing

dataset which is used to test the performancesof§thmmar checker.
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5.1.1.The Training dataset

The training dataset is compiled from the unanedt@orpora collected from different sources
indicated in section 5.1. The prepared trainintaskat contains a total of 508 sentences with a
total of 9152 words. All the sentences includedhia training dataset are grammatically correct
sentences and are more of simple and complex s®msehe correctness of the sentences is
checked with the help of linguistic experts of theaguage. These dataset is used to fill the
database with statistical data. The statistictd dee then used by the grammar checker to check

grammatical correctness of the sentence in thelttatset.

5.1.2. The Testing dataset

The testing dataset is another collection of datapiled from different sources and sentences
created with the help linguistic experts purposiv@lhe testing dataset contains a total of 85
Afaan Oromo sentences out of which 50 of the seeterare grammatically correct and 35
grammatically incorrect sentences. The incorresttences contain different types of error
including word order and word class agreement. #alaklly the sentences included in this

dataset are simple and complex sentence.

Some of the sentences in this test dataset ara thtextly from the training dataset purposively.
This is to check the performance of grammar cheokeidentifying correct sentences. The test

dataset are used for testing the two statistichrtigues used in this study.

5.2 Performance evaluation
After the grammar checker has been developed goa to evaluate the performance of the
checker. To evaluate the performance Afaan Ororamgrar checker the following procedure is

employed.

v" The numbers of correct and incorrect sentencdseinest dataset are counted manually.

v' The test dataset is given to the grammar checker

v' The number of errors found by the grammar cheeker the number of false positives
generated by the grammar checker were counted riyanua

v" Using these numbers performance evaluation mesuch as precision, recall and F-

measure of the system were calculated.
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Precision measures how many of the sentences Hamgyacorrect by the checker are indeed
erroneous. Mathematically it is given by
Precision =Number of correctly flagged err¢d00

Total number of flagged error

Recall measures how many of the errors in a textamd, i.e. how complete the grammar
checker is. Mathematically it is given by

Recall = Number of correctly flagged errar100

Total number of error that occurhe text

F-measure is the average of precision and recdlltazan be calculated as

F-measure = 2 * Precision * Ret#@tecision + Recall

5.2.1. Performance of the algorithms
In this part of the study, the performances ofdlgorithms used in developing statistical Afaan
Oromo grammar checker are discussed. As it iscatedd in chapter four, two statistical
technigues are used to develop Afaan Oromo grancimecker. These are Token N-gram and
Tag N-gram techniques. The two techniques use afsalgorithms in order to check the

grammatical correctness of Afaan Oromo sentences.

Since the performance of grammar checker signifigadepends on the output of those
algorithms, evaluating the performance of thoserilyns is essential [41]. Therefore, before
evaluating the performance of the overall system performance of the algorithms was
evaluated. In this study the performance of thie¥ahg algorithms is evaluated.

A. Sentence Boundary detector(SBD)

The sentence boundary detector accepts trainiragelaas an input and returns a list of sentences
as an output. The performance of sentence bourt#degtor is not evaluated on the test dataset
since the grammar checker accepts one sentenceénag as an input for testing a grammatical

correctness of a sentence. Table 5.1 presenisetifi@mance of sentence boundary detector on

the two training dataset.

dataset | Number of| Correctly | Incorrectly | Total precision| recall | F-measure
sentences | detected | detected | detected
Training | 508 495 24 519 95.3% | 97.4%| 96.3%

Table 5.1 Performance of sentence boundary aetor
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As it is shown in Table 5.1 the performance of S&Dthe training dataset is a recall of 97.4 %,
a precision of 95.3% and F-measure of 96.3%. herotvords, 95.3% sentence boundaries have
been found, and 97.4% of the positions detected asntence boundary are indeed sentence
boundaries. The average performance of sentenaedboy detector on this training dataset is
96.3%.

The sentence boundary detector detects some aktitences incorrectly due a certain reasons.
The first one is the sentence boundary markerslameused for other purposes in this dataset.
For instance, dot (*.’) is used to representsatsin forms of words. Example ‘mil.” and ‘Qar.’
to representmilliona’(million) and‘Qarshii’'(money) respectively The second
reason is some of the sentences in the trainiragdabre not separated from one another so that

the sentence boundary detector considers themeasemtence which is not incorrect sentences.

B. Word boundary detector
The word boundary detector takes a list of sentede¢ected by sentence boundary detector or a
single sentence from testing dataset as an ingltsplays a list of words as an output. Table

5.2 presents the performance of word boundary tetea the training dataset and testing

dataset

Dataset Number | Correctly | Incorrectly | Total precision| recall | F-measure
of words | splitted splitted splitted

Training 9152 8894 309 9203 96.6% | 97.1%]| 96.8%

Testing 373 368 21 389 94.6% | 98.6%| 96.6%

Table 5.2 Performance of word splitter

As it shown in Table 5.2 the performance of wordrmbary detector is evaluated on two dataset.
These are the training and the testing datasetp@&Hermance result of word boundary detector
on the training dataset is a recall of 97.1%, a@ipien of 96.6% and F-measure of 96.8%. This
means that 97.1% of all words have been splittetectly, and of all detected positions that are
supposed to be a word boundary 96.6% are indeed boamdaries.

The performance result of word boundary detectorthe testing dataset is a recall of 98.6%, a
In rotihards, 98.6 % of all words have been

splitted correctly, and of all detected positidhat are supposed to be a word boundary 94.6%

precision of 94.6% and F-measure of 96.6%.

are indeed word boundaries.
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The false alarm of the word boundary detector Bstho main reasons. The first one is related to
compound words in the language. Most of the timedaan Afaan Oromo sentences are
separated by space. Therefore the word boundaegtdetmodule uses space as word boundary
to split the words. But in Afaan Oromo, compoundr@gare words that are constructed mostly
from two words separated by space. In this stidy word boundary detector never treat

compound words in the language.

The second reason for the low performance of thedwmundary detector is, in some the
sentences there is no space between different worbsth training and testing dataset so that

the word boundary detector considers the wordssasgte word.

C. POS Tagger

The POS tagger used in this study accepts a lstoodls as an input and assign part of speech
tag to each word. The tagger used in this studynsvn as TnT tagger which is a language
independent POS tagger [20]. The tagger is trausiolg 1893 words that are manually tagged
by [35]. The performance of the tagger is measumeterms of its accuracy in assigning a
correct POS tag to words. Table 5.3 presents thaeracy of TnT tagger on both training and
testing datasets.

Dataset Number of words | Correctly tagged| Incorrectly tagged | Accuracy
Training 9152 6347 2805 69.3%
Testing 373 305 68 81.7%

Table 5.3 Performance of POS tagger

As we can see from table 5.3 the performance ofP@& tagger on the training dataset is an
accuracy of 69.3%. In other words of 69.3% of wardthe training dataset are assigned to their

correct POS tag whereas 30.7% % of the words aigressl incorrect POS tag.

Table 5.3 also shows that the performance of P@&etaon the testing dataset is, an accuracy of
81.7%. This means that 81.7% of words in testings are assigned to their correct POS tag

whereas 18.3 % of the words are assigned incoP@& tag.

Different reasons that lead to low performance of Tagger are identified. The first one is the

size of training data used to train the taggerthéf size of training dataset to train the tagger i
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small we may not find the words (tokens) to begeahin the training dataset so that the TnT
tagger consider the words(tokens) as unknown tokedsit is difficult to assigned the correct
POS tag for them.

Another reason for the low performance TnT taggerelated to the low performance of word
splitter on compound words. Since the word splidtensidered the compound word as two
different words, the tagger assigns different P@g for both words even if they are a single

word.

Furthermore, there are also spelling errors indtipus. Therefore, the POS tagger considers

these words as an unknown words and it may difficuassign a correct POS tag.

D. Morphological Analyzer
The morphological analyzer accepts a word fromnéesee to be checked and returns the words
and their analysis as an output. In this studymimephological analyzer only analyses a word
classes which are used to check agreement errecssdied in section 2.2. Specifically, the
morphological analyzer is used to analyze nounpqua, verb, adverb and adjectives word

classes. Table 5.4 presents the performance offralmgical analyzer.

Dataset Number of words | Correctly analyzed Incorrectly Analyzed Accuracy

Testing 253 149 104 58.8%

Table 5.4 Performance of morphological analayzer

As we can see from table 5.4 the performance offrtbihological analyzer on the test dataset is
an accuracy of 58.8%. In other words of 58.8% ofdgan the test dataset are analyzed correctly

whereas 42.2 % of the words are incorrectly analyze

The false analysis of the morphological analyzedus to different reasons. The first one is the
incorrect POS tag assigned to the words. If thedwaire not assigned to their correct POS tag it

is difficult to analyze them because different wolalss may analyzed in different ways.

The second reason is the rule used to develop thwological analyzer is not complete.
Therefore there are words that do not match trespécified and analyzed incorrectly. The third
one is related to compound words. Since compoundisvare not handle by the word splitter

module the morphological analyzer analyze the twods separately.
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5.2.2. Performance of grammar checker
In this subsection the performance of SAOGC traioedhe training dataset is evaluated and
analyzed on the testing dataset. The performanS8AGIGC is evaluated in two ways on the test

dataset.

The first one is the performance evaluation of gnammar checker in flagging incorrect
sentences in the test dataset and the second dhe erformance of the grammar checker in
flagging correct sentences in the test dataseteTab presents the performance of the SAOGC
in flagging incorrect sentences and Table 5.6 presents the performar8A@6GCin flagging

correct sentences respectively.

Techniques Total Incorrect as| Correct as| Total asin | Actual precision | Recall | F-
sentence | Incorrect Incorrect | Incorrect incorrect measure

Token N-gram | 85 37 15 52 50 71.1% 74% 72%

Tag N-gram 85 43 9 52 50 82.6% 86% 84.3%

Table 5.5 Evaluation result of Afaan Grammar checkr in detecting incorrect sentences

From the above table we can see that the perfomnahtoken N-gram technique in flagging
incorrect sentences is a recall of 74%, precisiomia% and F-measure of 89.0%. This means
that 74% of incorrect sentences have been flagged,71.1% of the sentences flagged as
incorrect sentences are indeed incorrect sentefite average performance of token n-gram
technique ig2%.

The token n-gram technique has detected 74% ointt@rect sentence as incorrect sentences.
This means that the grammar checker identifies i@drrect sentences in testing dataset as
incorrect sentences. Furthermore, the token n-gemmique has detects 15(42.8)% of correct
sentences as incorrect. This is because most cfetlpgence in these sentences does not exist in
the training dataset and considered as UnknownsM@dt Of Vocabulary) during the language

model. This may leads to the probability of theteaoes to be less than the settled threshold

On the other hand, from the above table we cathsge¢he performance of tag n-gram technique
in flagging incorrect sentences is a recall of 8@¥&cision of 82.6% and F-measure of 84.3%.
This means that 86% of incorrect sentences hava Bagged, and 82.6% of the sentences
flagged as incorrect sentences are indeed incaseztence. The average performance of tag n-

gram technique is 84.3%. The tag n-gram technigag also detected 25.7% of correct
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sentences as incorrect sentences. In this techmopst of the sentences with incorrect word
orders are flagged as incorrect sentences. But sdrtiee sentences with different word class
agreement are challenging for flagging as correat correct.

The low performance of tag N-gram technique ondlag incorrect sentences is due to the low
performance of the POS tagger and morphologicalyama module. If words are assigned to
incorrect tags the extracted sequence of tag mapwe in the training database. So that the

sentence can be considered as correct even iétlierse is incorrect.

In this study, the performance of the grammar chetkflagging correct sentences in the testing
dataset is also evaluated. Table 5.6 presentsettiermance of the SAOG( flagging correct

sentences.

Techniques Total Correct as| Incorrect Total as in | Actual precision | Recall | F-
sentence | Correct as Correct | correct correct measure

Token N-gram | 85 20 13 33 35 60.6% 57.1% | 58.5%

Tag N-gram 85 26 7 33 35 78.7% 74.2% | 76.4%

Table 5.6 Evaluation result of Afaan Grammar cheakdéandling correct sentences

The Table 5.6 also shows that training the tokegr&m technique yields a recall of 57.1%,
precision of 60.6% and F-measure of 58.5%. Thisnsi¢hat 57.1% of correct sentences have
been flagged, and 60.6% of the sentences flaggedoasct sentences are indeed correct

sentence. The average performance of token N-tgelnmique is 58.5%.

On the other hand, the tag N-gram technique yield=call of 74.2%, precision of 78.2% and F-
measure of 76.4%. In other words, 74.2% of corseatences have been flagged, and 78.2% of
the sentences flagged as correct sentences aedicderect sentence. The average performance
tag N-gram technique is 76.4%.

The incorrect flags of token n-gram technique awstig due to the size of corpus, the low

performances of the algorithms and quality of cerpsed to train the system and the quality of
the corpus used for testing the system. The sseel tio train the grammar checker does not
include all the words in the language so that #muence of token (tag) in the testing dataset

may not found and assigned unknown words whichedeses the probability of the sentences.
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The quality of the corpus is also another reasoitiwleads to the low performance of token n-
gram technique. Both the training and testing dattacontain the spelling errors so that the
words may not match with the statistical datab&be.incorrect flags of tag n-gram on the other
hand are due to the low performance of word spliR©S tagger and morphological analyzer on
both training dataset and test dataset.
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CHAPTER SIX

CONCLUSIONS AND RECOMMENDATIONS

6.1. CONCLUSIONS

In this study, a statistical Afaan Oromo grammaeakter has been designed, developed and
tested on 85 Afaan Oromo sentences. Two technigustistical approach (token n-gram and
tag n-gram) are used in this research. The tokerakh technique checks the grammatical
correctness of Afaan oromo sentence by extractiegtti-gram sequences of tokens in both
training and testing dataset and calculating thebdgility these sequences. Using the
probability of the sequences the sentence prolabili the test dataset is calculated. If the
probability of the sentence is greater than a tlokeksthe sentence is considered as correct.

Otherwise, the sentence is assumed incorrect.

The performance of the two techniques is evaluatasvo different ways. The first one is the
performance the techniques in identifying incorsetence and the other is the performance of

the techniques in identifying correct sentences.

The performance of token N-gram technique in flaggncorrect sentence is a recall of74%,
precision o0f71.1% and F-measure of72 %. On the other hand thenmeaihce of this technique
in flagging correct sentence is a 57.1%, precisioi0.6% and F-measure of 58.5% which needs

more improvement.

Similarly, the tag N-gram technique checks the gratical correctness of Afaan oromo
sentence by calculating the probability of tri graeguence of tag in both training and testing
dataset.

The performance tag n-gram technique in flaggingoirect sentence is a recall of 86%,
precision of 82.6% and F-measure of 84.3%. On ttleerohand the performance of this
technique in flagging correct sentence is a rexfain4.2%, precision of 78.2% and F-measure of
76.4%.
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There are also some reasons that lead to the Idarpmnce of the two techniques. The first one
is the issue related to the performance of sentbonoadary detector, word splitter, POS tagger
and morphological analyzer modules. Another redasofor the low performance of the two

techniques is related to the quality of the corfsp=lling error, the spacing error).

In general, in this study the researchers havetifdeh different types of sentences errors
occurring in Afaan Oromo languages such as woreérphreement error and punctuation mark
errors. The study also shows word order errorspamittuation mark errors are easily identified

by the grammar checker than word class agreemearser

6.2. RECOMMENDATIONS

It is believed that the developed Afaan Oromo gramechecker in this research needs more
improvements. Therefore, the following recommeiutest should be looked at in the future so
that effective Afaan Oromo Grammar checker canéeldped to help users in identifying their
grammatical mistakes.
» The size of the training corpus used for this redeavas limited in size and doesn’t have
good quality. These limitations affected the accur®OS tagger and Morphological
analyzer. Therefore, some work should be done laithe and high quality corpus to

increase the performance of the grammar checker.

» The developed grammar checker does not check gingpcorrectness of words in both
training and testing dataset. This in one way mingé® the accuracy of POS tagger in
such way that words may assigned to incorrect R@Sltie spelling error. The incorrect
POS tags and spelling errors of words in anothey wwffect the accuracy of
morphological analyzer. Therefore the Afaan Gramamacker should be integrated with

spelling checker in order to maximize the perforogan

» The morhopoloical analyzer do not perform well s@ood to use high performance

morphological analyzer to increase the performarit¢ke grammar checker.

» Combination of the rule-based and statistical apginocan help the system to achieve
high efficiency and robustness. This can be pasdigl mixing the good qualities of the

two approaches to detect high level grammaticairerr
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APPENDIX I

Sample code

def word_spliter(check):
if check=="0":
sentencelist=open('short’,'r')
sentence=sentencelist.read()
sentence=sentence.split()
w=open('word_list.txt','a')
for words in sentence:

if words.endswith('.') or words.endswith('?') or words.endswith('!'):

leng=len(words)
z=words[leng-1]
x=words.partition(z)
w.write(x[0] +"\n")
w.write(x[1] +"\n")
else:
w.write(words +"\n")
else:
sentence=sentence.split()

def pos_taggeer():
if check=="0'
import os
os.system('./tnt ¢ word_list.txt> tagged_list.tts')
y=open('tagged_list.tts','r')
w=y.readlines()
print(len(w))
y.close()
tag=open('taggedlist.txt','a')
for lisin w:
if lis.startswith('%'):
print
else:
tag.write(lis)
tag.close()
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APPENDIX II

Tag set

Tag Description

NN Tag for all types of noun that are not joined with other
categories in a sentence

NF Tag for all nouns that are not separated from postp osition

NC Tag for all nouns that are not separated from conjunctions

PF Tag for all pronoun that are not joined with other
categories

PS Tag for all pronouns that are not separated from
postposition

PC Tag for all pronouns that are not separated from
conjunctions

VV A tag for all main verbs

AX A tag for all auxiliary verbs

JJ A tag for all adjectives that are separated from ot her
categories

JC A tag for adjectives that are not separated from
conjunctions

JN A tag for numeral adjectives

AC A tag for all adve rbs

Pk A tag for all preposition /postposition

Oon A tag for all ordinary numerals

CcC A tag for all conjunction

Il A tag for all introjections

PN A tag for all punctuation
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APPENDIX III

Sample testing dataset

Baacaan eessa jirata? kitaaba meeqa dubbiste? inni boru deeman. fardeen shan du'e. Tolaan bay'ee
gurraatti dha.  isaan kaleessa dhufan. isaan boru dhufe. nuuyi hunduu halluu dimaa jallana.

baratootni barsiisaa isaaniif badhasa kennan. Tolosaan kitaaba Caalaadhaaf ergise fudhate.

Tullun seenaa abbaa isaaa nutti hime. Dabalaan xalayaa barreessite.

biftuufi Daraaraan mana barumsaa deeman. magartuun bishaan waraabde.

sooreettiin bishaan waraabdee gara manaa debite. Guutaan badhasaan gammadee of wallale.

Caalaan mana barumsaa dhaqgee gale. Guulaan waan bay'eee qo'ateef, gormata darbe.

dureettiin waan dukkubsatteef mana yaalaa dhaqgte. isaan uffata bitaani galle.

nuyi uffata bittanne galan. sammuun lammi yaadu kamiyyuu bigiltoota hin mancaasu.

Bara dabre dhaabatan biqgiltuleen kun. barsiisaan keenya baay'ee guddoo dha.

inni kaleessa dhufa debi'e. gammachuun mana citaa lama ijarte.

daa'imaniif nyaata madaalamaa keennuun barbachisa dha. itiyoophiya keessatti namoonni shan duute.

dulte ishiin bara darbe. isaan uffata gaarii bitate.
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