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ABSTRACT

Data entry is an important aspect of human computer interaction. It can be performed
through the use of a keyboard, or other means. Writing text for work, study or
communicating is frequent and time-consuming activity for most computer users. Better
data entry performance can be obtained using Word prediction systems. Word
Prediction is the task of forecasting words that are expected to follow a given fragment
of text. Word prediction software is mainly used to minimize keystrokes for different
users especially for people with disabilities, for people having limited language
proficiency, for people with frequent spelling errors and for non-native users. Huge
volume of Tigrigna documents are being written and made available on the Internet. In
this study we designed and developed a word sequence prediction model for Tigrigna
language. This is done using n-gram statistical models based on two Markov language
models, one for tag, the other for words which are developed using manually tagged
corpus, and grammatical rules of the language.

The designed model is evaluated based on a precision evaluation metric that is used to
evaluate performance of the system. According to our evaluation, On the average 85 %
performance of correctly predicted words are obtained using Sequence of two tags and
81.5 % performance of correctly predicted words are obtained using Sequence of Three
tags. According to our result, Word prediction using Sequence of two tags provides

better performance than Sequence of Three tag.

Keywords: Word prediction, Natural Language Processing, Statistical language

modelling, POS tagging, Precision
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CHAPTER ONE: INTRODUCTION
1.1 Background

Natural Language Processing (NLP) is a field of Computer Science that investigates
interactions between computers and human languages [1].1t is used for both generating
human readable information from computer systems and converting human language
into more formal structures that a computer can understand [1].Therefore, it is
important for scientific, economic, social, and cultural reasons. As its theories and
methods are used in a variety of new language technologies it counts rapid growth. Due
to this, it is essential to have NLP as a working knowledge for many peoples .Within
industry, this includes people in human-computer interaction, business information
analysis, and web software development. Within academia, it includes people in areas
from humanities computing and corpus linguistics through to computer science and
artificial intelligence [4]. Morphological analysis, part of speech tagging, word sense

disambiguation, and machine translation are common problems of NLP [1].

Data entry is an important aspect of human computer interaction. It can be performed
through the use of a keyboard, or other means. Writing text for work, study or
communicating is the most frequent and time-consuming activity for most computer
users. Better data entry performance can be obtained using Word prediction systems

that help to improve the writing methods of users [2, 3].

Word Prediction is the task of forecasting words that are expected to follow a given
fragment of text. Word prediction software is writing support software: which suggests
a list of meaningful predictions at each keystroke. From those lists the user can possibly
identify the word he/she is willing to type and then, the software will automatically
complete the word being written, thus saving keystrokes [12].

Word prediction software is mainly used to minimize keystrokes for different users
especially for people with disabilities, for peoples having limited language proficiency,
for people with frequent spelling errors and people learning a second language or non-
native users. In addition to this in computer aided education, it helps children by
suggesting appropriate words of the language when they need to learn using computers

to develop their writing skills [3].



NLP contains processing noisy data and checking errors rather than predicting the next
word or text in a sentence for semantic understanding solely. For example, noisy data
can be produced in speech or handwriting recognition, as the computer may not
properly recognize words due to unclear speech or handwriting that differs significantly
from the computer’s model. Additionally, NLP could be applicable as spell checking in
order to catch errors in which no word is misspelled but the user has accidentally typed
a word that she or he did not intend. In the sentence “I picked up the phone to answer
her fall,” for instance, “fall” may have been the intended word, but it is more likely that
“call” was simply mistyped. A spell checker cannot catch this error because both “fall”
and “call” are English words. An NLP algorithm that could catch this error would thus
need to look beyond what letters from words and instead attempt to determine what
word is most probable in a given sentence [5].

Morpho-syntactic information is obtained by combining sequentially the two basic
models of prediction that can either be based on text statistics or linguistic rules. The
two basic Markov models can be included: one for word classes (POS tag unigrams,
bigrams and trigrams) and one for words (word unigrams and bigrams). Those two

models are helpful in force prediction accuracy of the system [14].

1.2 Motivation

Tigrigna is the official language of Tigray Region of Ethiopia and it is also one of the
two official languages in Eritrea. It is a Semitic language spoken by about 7 million
people around the world [15].With the advent of computers, huge volumes of Tigrigna
documents are being written, produced and made available on the Internet and the

World Wide Web which are accessible for users. However, writing Tigrigna text is
difficult due to the need of pressing up to three keys to write a single character. We
believe that word sequence prediction models for Tigrigna language would help
computer users to write Tigrigna text efficiently. This has motivated us to develop a
word sequence prediction model for Tigrigna language in order to help the users of the
language on their text input method.

1.3 Statement of the Problem

A number of word prediction and word sequence researches have been attempted for

different languages. Amharic [11, 42], Afaan-Oromo[52] are categories under Word

sequence prediction . English [17], Hebrew [8], Basque [7], Italian [9, 11], Swedish
2



[48] and Urdu [60] are some of the languages for which researches on Word prediction
have been conducted by different scholars in the past years. Those Word prediction and
Word sequence prediction researches have been developed depending on various
characteristics of the language such as morphological complexity and sentence structure
of the language. These attempts to create good communication between a human and
computer by reducing the time and effort to write a word for slow typists by reducing
keystrokes, or people who are not able to use a conventional keyboard in addition to

common computer users.

Word prediction is a challenging task especially for inflected languages. Inflected
languages are languages that are morphologically rich and have massive word forms.
i.e. one word can have different forms. As Tigrigna language is a highly inflected
language and morphologically rich it shares this problem. So, storing all forms in a
dictionary won’t solve the problem as in English and other less inflected languages.
This problem makes word sequence prediction models for Tigrigna language much
more difficult [22].

Research on Amharic word sequence prediction has also been conducted for Amharic
language by Tigist Tensou [11] and word prediction for Amharic online handwriting
recognition by Nesredien Suleiman[42] developed. Even if Amharic and Tigrigna have
similar linguistic characteristics, they still have basic differences on morphological and
syntax processing. To our best knowledge, there is no any research conducted on the
topic of word sequence prediction for Tigrigna language. Thus, the purpose of this work
is to develop a word sequence prediction model for Tigrigna language with inclusion of

context information.

1.4 Objectives
General Objective

The general objective of this research is to design and develop word sequence

prediction models for Tigrigna text.
Specific Objectives

The following specific objectives are identified in order to achieve the specified general

objective:



Review literature for various languages and supplementary researches performed on
Tigrigna text

Collect corpus of Tigrigna text

Study the grammatical structure of Tigrigna language

Design Tigrigna word sequence prediction model

Develop a prototype of the system

Evaluate performance of the system

1.5 Methodology

The following methods will be applied in order to achieve the above specified

objective:
Literature Review

Different researches and related works that are considered to be relevant for this
research were reviewed to take hold of fundamental concepts for the intended study and
to propose an appropriate model for the Tigrigna word sequence prediction model.

Some of the literature and related works will be reviewed in detail.
Data Collection

We use a simple random sampling method to collect the sample data. A corpus has
training datasets and testing datasets that contain sentences used to train and test our
system performance of predicting a word. For both training and testing purposes 3,000
sentences or around 14,270 words are collected from three sources of areas such as
magazines, books, and websites of each 1,000 sentences or manually. To improve the
ways of predicting a word, we added for each sentence manually prepared features of

the POS tagged and grammar checker.
Development environment and tools

In this thesis, we will use tools such as C# programming language, Microsoft Visual
Studio, Notepad++, SQL, and SharpNIp toolkit.



Testing

Performance evaluation could be conducted manually by comparing the system‘s next
word sequence predicting ability with the manually prepared sample as a Testing
document. POS tagged test data will be used and the prediction activity is evaluated

using the evaluation metric recall, precession, and F-score measure.

1.6 Scope and Limitation

This research aims to develop a word sequence prediction system for Tigrigna text.
Obviously, Word Sequence Prediction is a very complex and difficult task which needs
understanding of natural language techniques and requires a number of Natural
language processing tools such as Sentences parser, Part of Speech (POS) tagger,
Grammar Checker, Stemmer, and Named Entity Recognizer (NER) and so on. Even
though some of the NLP tools have been developed by some researchers, they are not
freely available for integrating with our system. Having these limitations, our scope is
limited to predict the next word after analysing sequences of words in a given simple
Tigrigna sentence by checking the grammatical arrangement which is “single word”
than phrases or other sentences in a standalone platform.

1.7 Application of Results

The main contribution of this research is on finding an efficient method of word
prediction that will benefit common computer users of the Tigrigna language. This
supports the user in helping to determine and choose the correct spelling of a word.
Therefore, the proposed model will be helpful to increase the typing rate and reduce
spelling errors. In addition to the common computer users of the language, it will
benefit people with severe motor and oral disabilities, on handwriting recognition,
mobile phone/PDA texting etc. Thus, the output of this research work will be an

important contribution to the overall development of Tigrigna language technology.

1.8 Thesis Organization

The remaining parts of this thesis are organized as follows. In Chapter Two, the
literature review part briefly states fundamental concepts of word prediction, methods
of word prediction, writing system of Tigrigna language and its grammatical rules.
Chapter Three, presents research conducted by different scholars on the topic of word
sequence prediction, their approach, and findings. In Chapter Four, the proposed word

sequence prediction model, approach, algorithm and architecture are explained.
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Implementation and experimentation of the proposed word sequence prediction model
is presented in Chapter Five. Finally, the conclusion and recommendation of the thesis

are stated in Chapter Six.



CHAPTER TWO: LITERATURE REVIEW

2.1 Introduction

This chapter focuses on the fundamental concept of word sequence prediction and its
ideas associated with the Tigrigna language. The writing system of Tigrigna language
including parts of speech, morphological characteristics, and grammatical structure of
the language are discussed in respective sections of this chapter. Finally, different
approaches used in Word sequence prediction like statistical, knowledge-based, and

heuristics are presented in order to understand the concepts of this study.

2.2 Writing System of Tigrigna Language

Tigrigna is the official language of the Tigray Region of Ethiopia and it is also one of
the two official languages in Eritrea. It is a Semitic language spoken by about 7 million
people around the world. It uses the Geez script nowadays named Ethiopic script which
is originally developed for Geez language [15]. A single alphabet in Tigrigna language
represents vowel and consonant combination that indicates the language is syllabic. [29,
30].

2.2.1 Part of Speech of Tigrigna Language

POS tagging focuses on assigning an appropriate word class for each word. POS
tagging and POS n gram modelling are mostly used in researches related to word

sequence prediction to give synthetic information and better prediction [7, 8].

Tigrigna language has eight parts of speech. These are grouped as nouns, adjectives,
verbs, adverbs, Conjunction, prepositions, pronouns, and Interjection (exclamation) to

describe in detail a particular class of a word in a given sentence [28].
Nouns

Tigrigna nouns are words that are used for labelling things, used to name or identify a
class of things, peoples, places or ideas. Such as a real thing (for example, £a%Demu

(Cat), an imaginary thing (for example, a7 &.t/Menfes/Ghost/, an idea (for example,
G4 /Fikri(Love), person name ((for example,7§ “Hana”)). They are typically used as

an arguments, subjects and objects of transitive verbs and complements of prepositions.



Pronouns

Tigrigna pronouns are words or morphemes that can be used in place of nouns. That is
limited in number and categorized in different sub categories. Those categories can
include personal pronouns, possessive pronouns, interrogative pronouns and

demonstrative pronouns.

Personal pronoun represents the speaker, listener and third party in any speech. This is
illustrated in Table 2.1 to indicate the personal pronoun.

Table 2.1: Personal Pronouns in Tigrigna Language

Personal Pronouns

Tigrigna English Number Gender
Al /ane | Singular Neutral
70h/ns'ka You Singular Masculine
van/ nski You Singular Feminine
7(/n’su He Singular Masculine
74/ns'a She Singular Feminine
7/ /nhena We Plural Neutral

7 ah g/ nskatkum You Plural Feminine
7Nt/ nskatk'n You Plural Masculine
74-#9%n’'satom They Plural Feminine
74-+7%/n'saten They Plural Masculine

- Possessive pronoun is a pronoun that is used for indicating possession, for example,

¢-+&/natey (mine).

- Interrogative pronouns are pronouns used in questions.




- Demonstrative pronouns indicate objects in reference to the place it is found. The
indicated object can be found near or far from a person indicating the object or for the
observant. Therefore these kinds of pronouns are classified based on their distance as
well as based on the indicated objects gender [37]. Table 2.2 shows examples of
demonstrative pronouns.

Table 2.2: Demonstrative Pronouns in Tigrigna

Number | Gender Near Far

Singular | Masculine | At./ezi/ This/1* thing h-t/eti/ That/2™ thing
Feminine | Al /ezia'/1™ thing hth Jetia’/2™ thing

Plural Masculine | AH& 9% eziom’/These hA-thd°/etiom’/ Those
Feminine | ALA7/ez'nlhla-17/eza'ten | Atk /etia'n/ata-+7 /etia’tn

Verb

Tigrigna verbs can be described as a word used to show that an action is taking place, a
word to indicate the existence of a state or condition, or part of speech to which such a

word belongs.

Tigrigna verbs carry inflections of aspect and mood and hence are morphologically the
most complex POS in Tigrigna. A lot of words with other POS are derived primarily
from verbs. There are two major approaches to identify verbs from other word
categories: syntactical and morphological approach. In the former case, verbs function
as predicates in a simple sentence and they are found at the end of a sentence. In the
latter case, they reflect grammatical categories such as aspect, mood and agreement
[35].

Verbs in Tigrigna could be taken as thorough working out of a method in which a root,
consisting usually of three radicals, is expressed in patterns which carry different
meanings and applications of the verbal idea that belongs to the root. These patterns
form subordinate systems with a relatively consistent emphasis of their own, such as
“passive”, “reflexive “ “intensive “and so forth. The inflections of these systems give
tense and specify the person and number of subjects and objects [33].The simplest type

of a verb is generally 3 person masculine, singular, and simple perfect tense, e.g. a01<




he broke. This form is called a” root form” of a verb and it is used as the name of the

verb.
Adjectives

Tigrigna adjective is a word that describes or qualifies a noun or pronoun it modifies.
Obijects are differentiated from one another by different attributes like shape, behaviour,
colour etc....and this difference is described using adjective word class. Adjectives are

inflected for gender, number and case in a similar fashion to nouns [37, 38].

The adjective precedes the noun or pronoun which it modifies and agrees with it in
gender and number. Most languages appear to identify two open classes hamely nouns
and verbs. However Tigrigna has got an additional open class, the Adjective class.

Those adjectives are too many in number and increase from time to time. [32].
Adjectives in Tigrigna usually precede the nouns that they modify or describe. Here is a

simple example. 1®ch @8, 4. 19 /newiH wedi fetye. (1 loved a tall boy.)

In this example, the adjective 1®sh/newiH (tall) precedes the m4./wedi(Boy) which it
modifies. But this does not mean that a word is an adjective just because it precedes a
noun. For instance, in the sentence a-k: @48, $72 Af::/ i wedi qonjo Ayu (The boy is
handsome.), the word a-t:/”ti (the) precedes the noun @4, /wedi (boy).Although

the word a-1;/7ti (the) functionally shares the feature of an adjective, modifier, it is a

demonstrative pronoun.
Adverb

An adverb is a word that modifies a verb, adjective, sentences or clauses and other
adverbs. In many languages adverbs are classified as open classes; however, Tigrigna’s
adverbs are classified as closed classes [32].Modifiers of verbs or verb phrases usually
express time, place, manner etc. Modifiers of adjectives and adverbs commonly express
degree while adverbs functioning as sentence modifiers usually express the speaker’s

attitude regarding the event spoken.
Example: A°9. ¢%/lomi gene /Very recently, soon
A=21, HN"2/lomi zeben /This year

ONP Adch/tsebuk serihu /He did well

10



In the sentence, "A=?1. A8®M-7t AHLN/’lomi kedawnti haTsibe”/” I washed clothes
today”, the word “A=?%”/”lomi”/” today” is an adverb that modifies the main verb
“h9.0"/"haTsibe”/” washed”. It tells more about when I washed clothes, which is

today.

There are adverbs which may be used in the gerundive as finite verbs, but which would

naturally be translated with adverbs.

AONFI° @.07h4-::/atsebikom yitsehfu/They are writing neatly.
PAMEI° 1897 /geltifom geyrom/They did it quickly
Conjunction

Conjunctions are words that link words, phrases and clauses to create larger
grammatical units. They are limited in number and can be used with verbs, nouns and
adjectives. Some of the conjunctions of Tigrigna language are 7, h&'r+79, NAHNhT
e.g., NMNaL7TANG 12/ seb™ay-n sebeyti-n (husband and wife)

Preposition

Prepositions are a small set of words, which will have meanings only when they are
used with other words such as nouns, verbs, pronouns and adjectives. They can express

relationships between person, thing, or event etc and another.

Common Tigrigna Prepositions: - 2°0/m’s, afi/a’b ,9N/na’b, afi/ka’b

,ng°/ka’m....They are not inflected for gender, person, number etc[32, 39].
Tigrigna prepositions have the following central property:

- They take nouns or adjectives as their complements: e.g. -N1Y7£0F/bhandebet
(Suddenly)
- They can stand alone as a separate word: e.g. 50 (71 +9°VC-t: Inab

afl @ e/ ab weSTi geza (Inside a house)

Preposition (aA-1/*ab)  Noun (@-Tim./weSeTi (inside)) Noun (7M1/geza(House))
7°N AM.ANdC(ms ~Egzi*abihEr (With GOD)

Preposition (7°0/ms (with)) Noun (A“2H.a G (/"gzi™abihEr (GOD))

Figure 2.1: Prepositions as a separate word 11



Most of the items that function as prepositions in Tigrigna can also function as
conjunctions. Moreover the coordinating conjunctions such as - ?/n (and), @2/wey (or)
can form structural units with the nominal and prepositional phrases they precede or
follow [35].

Punctuation

Tigrigna punctuation marks are word separator marks (:) is used in the old literature to
separate one word from other words. In the current literature, it is rarely used. As a
result a single space is used to separate words instead of punctuation marks. Most of the
Tigrigna language punctuation marks are listed in Table 2.3.

Table 2.3: List of Tigrigna punctuation marks

Punctuations | Meaning

Word separator(Ethiopic word Space)

End of sentence(Ethiopic full stop)

H Sentence connector(Ethiopic Semicolon)

Beginning of the list mark(Ethiopic preface colon)

? End of question

! End of an emphatic declaration, or command.

”? Quote some words or sentences taken from other

2.2.2 Morphology of Tigrigna Language

The Tigrigna language is morphologically rich both inflectional and derivational.
Dictionaries define morphology as the structure of words in a language including
patterns of inflections and derivation. Morpheme is the minimal unit of morphology

which includes root/stem form and other meaningful parts of a word [37, 38, 40].
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To define morphological structure of a Tigrigna word, it is needed to identify seven
vowel sounds which are usually called ‘orders’ and within five-ordered alphabets which
are variants of some of the basic 35 consonants. Altogether 275 symbols constitute the

Ethiopic alphabet chart known as ‘Fidel’.

Due to its morphological richness, Tigrigna exhibits the root and stem pattern
morphological phenomenon. Root is a verb that indicates a third person singular
masculine, such as A0 O\-¢ FACdh,etc. and the noun that expresses a singular noun
whereas a stem is a verb in which its ending letter is ‘sads’ (6th order) or a noun that
indicates a singular number. The morphological variation is the result of adding suffixes
to the root verbs or nouns to indicate number, gender, tense, possession. etc. For this

reason; if the word is a verb, a stem may or may not have a meaning [28, 31].

Tigrigna verbs are inflected for gender, person, number, case, tense, aspect, mood, etc.
Tense-aspect-mood is expressed by affixes that are prefixed, infixed or suffixed to the
root word. The verbs have a ‘root-template’ pattern which predominantly consists of

trilateral consonants.

Subject-verb agreement is enforced by alteration of verb suffixes and/or prefixes.
Moreover, negating Tigrigna verbs, nouns or adjectives also require circum-fixing the
morpheme A®..."7/ayl...nl/. /. Grammatical clitics that are attached to words further add
to the complexity of word morphology. These clitics are mostly pro-clitics and enclitics

of prepositions, conjunctions, possessives and object pronouns [36].

One of the reasons that Tigrigna morphology becomes complex is; sometimes the
language follows its own grammatical structure, sometimes it follows from geez and
borrowed Arabic, Italian and other languages. For example, hé\(l, /kelbi/Dog/ / in a
singular form becomes both Ahé-/akalb/dogs from Geez and and AhAN-T/aklabat in
plural form.[28].

Inflectional Morphology of Tigrigna Language

Inflection is a morphological variation which changes the grammatical function of the
sentence without affecting its parts of speech and general meaning. Since Tigrigna
language is a highly inflectional language, a given root of a Tigrigna word can be found

in different forms.

13



Nouns, verbs, and adjectives can be marked for person, gender, number, case,
definiteness, and time. Gender, number and case marker suffixes are used in these
inflections of nouns. Verbs are inflected for person, gender, number, and time with the
basic verb form being third person masculine singular. The perfect tense normally
expresses past tense. Prefixes are used for first, second, and third person future forms
and suffixes are used to indicate masculine and feminine subjects, respectively.
Adjectives are inflected for gender, number, and case in a similar fashion to nouns [37,
38].

Affixing is used to derive nouns by adding prefixes, infixes or suffixes to basic nouns,
adjectives, verbs, stems and roots. In Tigrigna morphemes can be free or bound; where
free morphemes as their name indicates can give complete meaning by themselves
whereas to give a meaningful sentence bounded morphemes connected with free

morphemes.
Inflection of Verbs

Tigrigna verbs are found in perfective, imperfective, gerundive, jussive and imperative
by employing affixes. The morphological variations of a perfective verb are formed by
adding suffixes that mark (indicate) person, gender and number to the perfect verb
stem. For example, h&h-Th&hin&h theh9°ThLThLlThen77hshg are
perfective verbs formed from the stem he which means 'to go'. The other verb type is
imperfective verb and is formed by affixing gender, person and number markers to the
imperfective verb stem. For example, ANE I N8,
LNE YN NS4 2148 and £114 are imperfective verbs that illustrate how
the affixes are used to inflect the imperfective verb stem. The gerundive form is
inflected by adding suffixes at the end of the gerundive verb to indicate person, gender

and number.
For example,

NEhiINEANINEANINENTNEATALATINEM T NENTTINEAI° TN T

can show how the gerundive verb a4 morphologically varies. Jussive and imperative

verbs are sometimes called mood. Jussive verbs are used to express a command for first
and third persons whereas imperative verbs are used to express second person in the
singular and plural form. In addition to indicating person, gender, number and time,

Tigrigna verbs express two tenses, namely, perfect and imperfect. Perfect tense
14



indicates completed actions whereas imperfect tense expresses uncompleted actions
[28, 34].

Tigrinya verbs can be classified in "families™ according to the nature of the radicals that
they contain. Some of the families are subdivided into “two” according to whether the
second type is “geminated” or “doubled”. Such doubling affects individual forms of a
verb are derived from its basic consonant root. The presence of certain letters or sounds,
not ably the laryngeals, also affects the production of forms. Verbs in a given class are
changed in regular patterns to produce the tenses, aspects, persons, and so forth, that the
verb forms can express. To conjugate a verb means to derive and list in order all the
verb forms that belong to that verb. In English, the verbs themselves change very little.
Conjugating is a matter of supplying auxiliary verbs and pronouns to a very few forms
[33].

Inflection of Perfect

Tense

Perfect tense expresses a past tense and consists of a stem, pronoun suffix and subject
marker. The subject marker shows the subject’s number, person and gender [12, 13].
This is illustrated in Table 2.4 to indicate the subject marker and the pronoun.

Table 2.4: Inflections of perfect tense

Verb Variations |Person Gender Number |Pronoun
OB Third Male Singular |He-70-
NeE9° Third Male Plural | They-74-f9°
T4 ¥ Third Female Plural | They-74-+7%
0N&Pirge Second Male Plural | You-0firkh-9®
0éPh. Second Female Singular | You-70T.
0¢Fh Second Male Singular | You-#0'h

0 Ps First Male and Female | Plural |We-7chG
44 First Male and Female |Singular |I-A%

0&Pny Second Female Plural | You-70f+n%
e Third Female Singular |She-74
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As it can be seen on Table 2.3, the suffixes attached are a-/u/, A2°/om/, a’¥len/, h-9°/kum/,
nJ/kiln/kal, GInal, hlael, n2/kn/, 4 /al and indicate person, gender and number of the subject

and the pronoun that indicates the person[31].
Inflection of Imperfect Tense

This tense includes indicative, subjective, jussive and imperative forms and are
inflected by adding affixes to indicate gender, person and number to the imperfective
verb stem. We can consider the following table to see the affixation on the root verb

“ach”. The Inflection of Imperfect Tense is shown in Table 2.5.

Table 2.5: Inflections of imperfect tense

Person Gender Singular Plural

Third Female TOCeh/t’serh LACHh/y’serha
Third Male LACH/y’serth | BONCdv/ y’serhu
First Male ,Female | AACch/a’serh T0Cch/ n’serh
Second Male TOCeh/tserh TACdh/ t'serhu
Second Female TOACh/tsthi | FOACH/ t’serha

In Table 2.4, (), &(y), a.(i), and %(n) are prefixes and A(e), A-(u), and A(a) are
suffixes. It is also possible to find the negative form of the above mentioned root by
using AL/ay/, h@1-/ayt/, h@2layn/ as prefixes and ?/n/, A%/an,/h-"2/un/ as suffixes.

Inflection of Nouns

Like Tigrigna verbs, Tigrigna nouns inflect to show gender, person and number by
adding affixes to the noun stem. Grammatically, Tigrigna language specifies two types
of genders: Feminine and masculine. So, Tigrigna nouns are either male or female by
nature [28]. Therefore, nouns are used affixes such as -a/a/, J~i/-tat/, a-/-av,
Aay/an/, @-t/-wti/, t/-ti/, P/wi/, G/na/, etc...in order to express possession,
pluralism, tribe and gender. Table 2.6 shows how these affixes are used to inflect

Tigrigna noun.
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Table 2.6: Infection of Nouns

Noun Stem Affixed Used After Affixation | Remark
Ach, h AAhYI® Pluralism
LA At ALYN Pluralism
Fon, B Ponrr Pluralism
ao Iy LY avI YLy Pluralism
™ -1 M-t Pluralism
nA(, q NANS Possession
Né-ch T Nécht Pluralism
aTex e P AR P Tribe

Inflection of Adjectives

Tigrigna adjectives agree with their noun in number and gender. They inflect to indicate
number and gender. This is to mean that Tigrigna adjectives can have singular
masculine, singular feminine and the same adjective to express both masculine and
feminine genders in the plural form [28]. -+//, -E/ti/, AR Jawit/, A®/awi/, a/at/,
AP £ 7/awyan/, etc. are used to inflect adjectives and are illustrated how they are used in
the Table 2.7.

Table 2.7: Inflection of Adjectives

Masculine | Feminine Pluralisation
on-+ NP on-F-r
Né-ch, NéchF (YA %

av(/.L, av(/.0 av0/. 2

+ 30, + N1 ¢t

N4-& 04-£-1 N4. 21
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Derivational Morphology of Tigrigna Language

Nouns can be derived by adding prefixes, infixes, or suffixes to basic nouns, adjectives,
verbs, stems, and roots. Adjectives are derived from verbs, nouns, verbal roots, and
stems by adding suffixes. Infixing is used when deriving adjectives from verbal roots
and unlike other word categories, the derivation of verbs from other POS is not common
[38]. Nouns, verbs, and adjectives can be marked for person, gender, number, case,

definiteness, and time [37].

Derivational morphology deals with adding suffixes to words to bring a change in
meaning and category, whereas inflectional morphology deals with adding suffixes to
words so that the general meaning and category of the original word (stem) will not be

changed.

In Tigrigna morphemes like /A® [Awi/, a9/ am/, %/ n/ can change nouns of the
language in to verbs and adjectives etc. For example, @oC%/” merea” /marriage /
becomes a°C%P/” mereawi “ /groom/, O7./’senki” /cause/, O719°/“senkam” and
ON</sebere/he breaks it/, A%-ONL&-7/“ay sebere n” /he didn’t break/ are some examples

of derivational morphologies.
2.2.3 Grammar of Tigrigna Language

Grammar is a set of structural rules governing the composition of sentences, clause,
phrases, and words in a given natural language. And also grammar is the whole system
and structure of a language or of languages in general, usually taken as consisting of

syntax and morphology.

In Tigrigna's sentence, like other languages, segments and features can be divided into
two parts namely subject and predicate [32]. Let us look at the following examples. The
examples are written in Tigrigna alphabets followed by the transliterated form of the
alphabets to their corresponding Latin characters [23, 32, 34]. 1@-h ao9.A- /Hawka

me~Tsi™u. Your Brother came (has come).
Y Fo7A, W Tid oo9h-:: [Hawka tmali kab shire menTsinu.
Your brother came (has come) from shire yesterday.

Al o814 Al AOA. hé-T- “INE:: /xeti me~THaf xb I'li “arat gbero. Put the book
on the bed.
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In the first two sentences ¥ @-h/Hawka (your brother) functions as a subject, while the
rest parts of the sentences are used as a predicate ao9.a-/me”Si*u (came (has come))
and 970, W TiZ oo9h-/tmali kab shire me~Tsi®u (came (has come) from shire
yesterday). The subject can be thought as a noun phrase that is used to express some
objects or persons and the predicate is used to say something true or false about the
subject [32, 34]. These two elements of sentences are known as noun phrases (NP) and
verb phrases (VP) which are headed as noun and verb respectively. In the third
sentence, the subject is established with the verb “201(Z/gibero which is you third-person
singular that acts as the noun phrase (NP) and the sentence A-t: @084 ANl AOA.
hd-T “MNC’ti me"THaf ab I'li “arat gbero™ acts as a verb phrase (VP) which in turn is

divided into a noun phrase and verb phrase.
1 m-h/Hawka a09.a-/me”Si*u (your brother) (came (has come)) 1 @-h/Hawka

WN7iLov9.A/tmali kab Shire me~Si~u(came (has come) from shire yesterday)
‘70h/nsKa (You — masculine) A-; @vdY 4/Mi me~TSHaf (The book) Al AdA. hé-T
“0¢ /~ab I'li “arat gbero (Put on the bed).

When people are writing, they make mistakes, mostly the syntactic rules of a language,
such as feature agreement, order, and choice of constituents in a phrase or sentence, thus
concerning a wider context than a single word. Those grammatically error writing are
also happen in Tigrigna language users. Grammar error may occur due to the subject’s
insufficient knowledge of the language rules or the written language norms that deviate
from the already acquired (spoken) grammatical knowledge have to be learned and even
can make grammar errors when writing on a computer due to rewriting or rearranging
text [32].

Frequent agreement errors in Tigrigna are located within the words in a text can
disagree subject and verb, verb and object, adjective and noun, adverb and verb, noun
and modifier, word sequence and others in gender, number and persons. Other
agreement errors appear between the subject and the predicative, which can involve

long distance dependencies.

Subject-Verb Agreement Errors: Is the most common errors with subject-verb

agreement are to do with number, person and gender in Tigrigna language. For instance,
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nL.0 nhON hG5::/ edey kheTsb ena/ | will wash our hand. In this example the subject
A1 lane/l which is taken from the object A.£.£2 and the verb is A5 /ena/we . The singular

subject &7 /ane is disagreeing with the plural verb A.9, this make the grammar rule is

incorrect. Hence, correct subject-verb agreement has same number that means singular
subject takes singular verb. The correct grammar of the sentences is A.22 fcho

n.Y::/ edey kheTsb eye/l will wash my hand.

As any other language the grammar of Tigrigna happens the words in a sentence can
disagree
according to person, gender, cases, tenses and number. Other agreement errors appear

between the subject and the verb, which can involve long distance dependencies

Object -verb agreement error: The same as the subject verb agreement error the
object and verb agreement of a sentence is expected to agree in number, gender, and

person.
For example, Hagos gezeu’serihato/ 17100 1HA- (&' -F/Hagos build her home

Here there is a disagreement in object and verb and also feature like gender.
Y 1/ms3/male singular 3" person, it disagrees with the verb &Y -*/female singular 3™
it disagrees OmVf rule pattern. The correct grammatical sequence is Y10 THh-
Néch 2P /Hagos build his home.

Noun-modifier agreement error: Tigrigna nouns are modified by adjectives,
determiners,

quantifiers, and others. Adjectives in Tigrigna inflect according to the gender, person
and

number of the head noun. For instance, in the Y9C ®4. /hatsar wodi/ Short boy, text
the adjective 79¢ /hatsr (short) is third person singular feminine; and The noun @4, /
wodi (Boy) is third person singular masculine. Both the Adjective and the noun agree in
number and person. Whereas, disagree in gender maker. In order to correct the
grammatical of this text either the adjective could be changed to male or the noun must

be changed to fame gender. Therefore, the correct grammar is; the Y9C “34\/ hatsar
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Gual or 19.C @4./ hatsar wodi/ The quantifier in noun phrase disagrees with number

agreement.

Adverb and Verb Agreement: Tigrigna Adverb usually modifies the first verb that
comes next to it in time, place, circumstance etc. The time adverbs describe the time at
which an event takes place. These adverbs may show a specific time at which a given
action takes place or its duration. Tigrigna verbs indicate the time at which action takes
place in relation with the adverbs.

Tigrigna has generally a subject-object-verb (SOV) word order unlike the English
language which follows the subject-verb-object (SVO) sequence in the sentence
structure [32].

2.3 Word Sequence Prediction Systems

Word prediction can be a task which is challenging and ambitious in a research areas,
basically with methods coming from Artificial Intelligence, Natural Language
Processing and Machine Learning [16]. What is word sequence prediction? We can
easily define the term word sequence prediction once we capture the essence of its
essential components which are “sequence” and “prediction”. A sequence is a finite or
infinite list of terms (or numbers or things) arranged in a definite order, that is, there is a
rule by which each term after the first may be found [61]. Prediction is concerned with
guessing the short-term evolution of certain phenomena [16]. Forecasting tomorrow’s
temperature at a given location or guessing which asset will achieve the best
performance over the next month could be examples of prediction problems. One must
predict the next element of an unknown sequence given some knowledge about the past
elements and possibly other available information. The entities involved in forecasting
task are the elements forming the sequence, the criterion used to measure the quality of
a forecast, the protocol specifying how the predictor receives feedback about the
sequence, and any possible side information provided to the predictor [62]. Therefore,
word sequence prediction is forecasting or guessing the next word the user intends to

write or to insert based on some previous information [62].

In natural language processing word prediction is used to guess missing letter, word,
phrase, or sentence that are likely to follow a given segment of a text. It has different

terminologies like text prediction/word prediction and word completion. They have
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been used to express similar and related concepts of word prediction. Word Prediction
implies both ‘Word Completion’ and ‘Word prediction’ to increase the text prediction
rate. Word completion deals with suggesting the user a list of words after a letter has
been typed, while Word prediction deals with suggesting the user a list of probable
words after a word has been typed or selected, based on previous words rather than on
the basis of the letter [2]. Although both of the technologies are used to facilitate typing
speed, the implementations and effects are quite different. Word completion deals with
prediction of which word the user wants to type now. It starts operating as soon as the
user has typed the first letter in a word; analyzing the letters, whereas, word prediction
deals with predicting a correct word in a sentence. It saves time, keystrokes and also
reduces misspelling [46]. Word prediction system is more effective than character
prediction system because word prediction system depends on several words of past
context whereas character prediction depends on only upon characters in the current
word [23].

Word prediction systems are useful to display a lists of most likely letter, words, or
phrases for current position of the system being typed by a user [17,18,19]. Those
systems support writing and are commonly used in combination with assistive devices

such as keyboards, virtual keyboards, touch pads and pointing devices.

In general, the main purpose of word prediction system is to speed up text entry in
different kinds of applications by minimizing keystrokes. Improving and enhancing text
entry and interaction with computers for disabled users had been investigated for many

years and many systems are proposed to facilitate and simplify text input process [24].

The main issues in the development of word prediction systems include prediction
methods and user interface issue. Prediction methods include decisions on prediction
units (characters, words), information sources and structure (both lexical and
statistical), levels of linguistic processing, size and type of corpora and learning
methods [25].

2.4 Approaches to Word Prediction Systems

There are many approaches developed towards word prediction that are used to model
the natural language. Well known approaches of word prediction and text input
methods are statistical and linguistic rules. Those approaches have been studied for
different languages. These approaches can be classified into three groups as statistical,
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knowledge based and heuristic (adaptive) modeling. Most of existing methods employ

statistical language models using word n grams and POS tags [26].

Word frequency and word sequence frequency are commonly used methods in word
prediction. In the former method the system use uni gram word model with a fixed
lexicon that involves sorting the complete lexicon into their frequency order, and offers
the few at the top of the list to user as predictions and it predicts the same suggestion for
a particular sequence of letters. However prediction will be better if context is taken
into account. The early prediction systems use frequency information of each word
independently to complete a word in the current position of a sentence being typed by

the user without considering previous context. [26].

In the past various studies are conducted to develop systems that consider previous
history of words based on first order Marcov model (bigram) or second order Marcov
model (trigram) [26].

2.4.1 Statistical Modelling

Statistical word prediction is made based on Markov assumption in which only the last
n-1 word of the history affects succeeding word and it is named n-gram Markov model.
It is based on learning parameters from large corpora; it is widely used in word
prediction. This statistical modeling can be described by prediction using frequencies

and prediction using word probability tables.
Prediction using frequencies

In prediction using frequencies, the statistical modelling is described by building a
dictionary containing words and their relative frequency of occurrence is the simplest
word prediction method. It provides n most frequent words beginning by this string in
the same way they are stored in the system. This method may need some correction by
a user in order to adjust its concordance when applied to inflected words since context
information are not considered. In other words this method uses unigram model with a
fixed lexicon and it came up with the same suggestion for similar sequences of letters.
To improve accuracy of word prediction result, indication about recency redundancy of
each word may be included in the lexicon. In this way, the prediction system is able to
offer most recently used words among most probable words. Adaptation of each word
to a user’s vocabulary is possible by updating frequency and recency of each word used

[26, 27]. Most probable words beginning with the same characters are offered when a
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user has written the beginning of a word. If the required word is not available among
options offered by the system, a user may continue writing the word, else the required
word is accepted from the given list and it may automatically adapt to user’s lexicon by
simply updating frequencies of words used and by assigning an initial frequency for
new words added to the system. In order to enhance the results of this approach,
recency field is stored in dictionary with each word along with its frequency. Results
obtained with recency and frequency based methods are better than the ones based on
frequency alone. However, this method requires storage of more information and
increases computational complexity [21, 27]. The advantage of this approach is it is

simple when it is applied for non-inflected languages.
Prediction using word probability tables

In prediction using word probability tables the statistical model uses word probability
tables that consider probability of appearance of each word after the one previously
composed. This method builds a two dimensional table, where conditional probability
of word Wj after word Wi is stored. Therefore, if the system has N words, there are N?
entries in this table, where most of them are zero or nearly zero probabilities. By using
this strategy, the system may offer predictions before a user starts writing the initial
character of a word and these results may be improved by integrating recency. The
advantage of this method is it offers a word before a user starts typing the first character
of a word. The main problem with this method is the difficulty of adaptation to user’s

vocabulary when dimensions of the table are fixed [21, 27].

2.4.2 Knowledge Based Modelling

This knowledge based modelling or linguistic rules focuses on the sequence of syntactic

categories of a given input. In detail this can be described as follow:
Syntactic Prediction

Considering part of speech tags, and phrase structures, syntactic prediction is to ensure
that the system tries to suggest grammatically appropriate words to the user. Almost all
human discourse languages are defined and structured. If one follows the grammar
rules, he can be able to predict with some degree of accuracy at least the type of words
what will come next. Primarily, syntactic prediction needs to know the detail grammar
structure of the sentences being created in order to make choices about the types of

words it can offer [26].
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Statistical syntax and rule-based grammar are two general syntactic prediction methods,
where statistical syntax uses the sequence of syntactic categories and POS tags for
prediction. Therefore a probability would be assigned to each candidate word by
estimating the probability of having this word with its tag in the current position and
using most probable tags for previous words. In rule-based grammar, syntactic
prediction is made using grammatical rules of the language. A parser will parse current

sentence according to the grammar of the language to reach its categories [26].
Syntactic Prediction Using Probability Tables

Syntactic prediction using probability table takes syntactic information intrinsic to
natural languages into account. This approach makes use of probability of appearance
of each word and relative probability of appearance of every syntactic category after
each syntactic category.

These systems offer words with most probable syntactic categories at the current
position of sentence and results are usually better than the ones obtained using purely
frequency based word prediction methods. Probability of appearance of the categories
after each category is stored in two dimensional table stores. This table is much smaller
than the one presented in frequency based approach and the number of probabilities
which are nearly zero is also lower. The probabilities of table and frequencies in lexicon

can be updated for adaptation of these systems [21, 26].
Syntactic Prediction Using Grammars

In this approach sentences are analysed using grammars either top-down or bottom-up
and natural language processing techniques are applied in order to obtain the categories
which have the highest probability of appearance. Each natural language has a set of
syntactic rules which usually have right to left structure. The sequence that occurs in the
right category helps to decompose categories in the left part of the rule. All categories
are defined in the system if at least one category has to happen on the right side of the

arrow.

Among categories on the right side of a rule, it is possible to define a number of

morphological agreement constraints. So that, proposals offered by the predictor are in

the appropriate morphological characteristics. The dictionary requires inclusion of

morphological information in order to enforce morphological agreement. These systems

have a higher computational complexity than the previous ones, mainly due to the fact
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that they take the entire beginning of a sentence into account (while previous systems
take, at most, last entirely composed words). Word probabilities and weights of

syntactic rules can be updated to adapt these types of systems [21, 26, 27].
Semantic Prediction

Semantic prediction is to semantically analyse sentences as they are being composed,
where each word has an associated semantic category or a set of semantic categories.
The working method, complexity, dictionary structure, adaptations, etc. are very similar
to syntactic approaches using grammars. It provides comparable results to syntactic
approaches though it has much higher complexity, and due to this these methods are not

commonly used [21, 27].

In semantic word prediction, Lexical source and Lexical chain are two methods that are
used. The first method is a lexical source, like WordNet in English, which measures the
probability of words to get certain that predicted words are related in that context. The
second method is a lexical chain that assigns highest priority to words which are related
semantically in that context by removing unrelated words to that context from the
prediction list [21].

Predictions can be correct syntactically or semantically but wrong according to
discourse. Pragmatics affects capability of the predictor and taking this knowledge

while training the system enhances accuracy of predictions [21].
2.4.3 Heuristic Modelling

To make predictions more appropriate for a specific user, the adaptation methods are
used. This approach tries to adapt the system to every individual user .There are two
general methods that make the system adapted to the users. One of the methods is short-
term learning and the other one is long-term learning that will be described in this

section.
Short-term Learning

In this approach, the system adapts to the user on a current text that is going to be typed
by an individual user. Recency promotion, topic guidance, trigger and target, and n-
gram cache are the methods that a system could use to adapt itself to a user in a single

text. The methods are commonly used in prediction systems.
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Long-term Learning

In this method, the system gets adapted to the user by considering not only the current
text, but previous texts that are produced by the user. As a result, gradually by using the
system more, it adapts to the user heuristically [3]. Some of the methods for heuristics
adaptations that are language specific are adding new words, automatic capitalization,

providing inflected form of words, and compounding.
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CHAPTER THREE: RELATED WORK

3.1 Introduction

This chapter provides different word or text prediction researches conducted to
Ethiopian languages such as Amharic and Afaan-Oromo, and Non-Ethiopian languages
such as Hebrew, Italy, Basque, Swedish, Persian and Urdu. Word prediction has been
investigated by many researchers and a number of researches has been proposed and
implemented through the years especially for non-inflected and less inflected language.
For highly inflected languages some works are done. Here we can present the
researcher’s work by categorizing as Word Prediction for Ethiopian Languages and
Word Prediction for non -Ethiopian Languages because it is difficult to categorize the
research work based on approaches they used. In order to choose appropriate
approaches for our work, the approaches along with their prediction methods used and

the result obtained by the researchers are overviewed and presented.

3.2 Word Prediction for Ethiopian Languages

Tigist Tensou [11] developed word prediction for Amharic language using statistical
methods and linguistic rules. Constructing Language Model and Generation of
Predicted Words are the two major parts. Morphological Analysis of User Input, Word
Sequence Prediction, and Morphological Generation are key components of the
Generation of Predicted Words part. Here, a large set of collected news texts are
morphologically analysed to their component morpheme. Statistical models are
constructed for root/stem, and morphological properties of words like aspect, voice,
tense, and affixes are modelled using the training corpus. In addition to this, preferred
morpho-syntactic features like gender, number, and person are captured from a user’s
text to ensure grammatical agreements among words. This work is based on Bigram,
Tri-gram and Mixed models and it is evaluated using keystroke savings (KSS).Using
the test data, 20.5%, 17.4% and 13.1% keystroke savings is obtained in hybrid, tri-gram
and bi-gram models respectively. In their experimental situations word sequence
prediction using a hybrid model offers better performance than other models for
keystroke savings. The researchers tried to consider context information with some
morphological features and linguistic rules. However, the researchers' work did not

consider the two most important features of WSP which are speed and search space.
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Nesredien Suleiman [42] developed word prediction for Amharic online handwriting
recognition. The aim of this work is to propose a word prediction model for Amharic
online handwriting recognition using statistical information based on frequency of
occurrence of words. As the researchers state, this study is motivated by the fact that
speed of data entry can be enhanced with integration of online handwriting recognition
and word prediction mainly for handheld devices. In this research a corpus of 131,399
Ambharic words and 17, 137 names of persons and places are prepared. The prepared
corpus is used to extract statistical information like to determine value of n in the n-
gram model, the average word length of Amharic language, and the most frequently
used Amharic word length. Hence, n is set to be 2 based on statistical information and
by hindsight of this, the research is done using bi-gram model, where the intended word
is predicted by looking at the first two characters. Finally, a prototype is developed to
evaluate performance of the proposed model and 81.39% prediction accuracy is
obtained according to the experiment. However, the researchers used the dictionary
approach and this study doesn’t consider context information while developing the

word sequence prediction model.

Ashenafi Bekele [52] developed word sequence prediction model for Afaan Oromo
language using bi-gram and tri-gram word statistics, and the bi-gram, and tri-gram POS
tag statistics of the language. Initially, the training corpus and user inputs are tokenized
and then morphologically analyzed. Subsequently, word statistics model is built for root
or stem word and POS tag statistics model is built for root or stem with tag like noun,
verb, adjective, pronoun, adverb and conjunction by using training corpus. After that,
the most likely probable root or stem words are suggested. Finally, lexical words are
synthesized based on the proposed root or stem words. In this research a corpus that
consists of 23,400 sentences and a total of 312,208 words are generated in order to filter
49,143 unique words. The designed model is evaluated based on the developed
prototype. Depending on the evaluation metrics, the primary word-based statistical
system achieved 20.5% KSS, and the second system that used syntactic categories with
word-statistics achieved 22.5% KSS. According to the researchers result, statistical and
linguistic rules have good potential on word sequence prediction for Afaan Oromo. It

doesn’t address the problem of speed and search time.
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3.3 Word Prediction for Non-Ethiopian Languages

Yael Netzer et al. [7, 25] developed word prediction for Hebrew languages AAC users.
Hebrew Language is morphologically rich, with a high level of ambiguity in which
several words combine into a single token in both agglutinative and fusion ways.
Nouns, adjectives, verbs, prepositions, and adverbs can be combined with a pronominal
pronoun suffix, indicating functions, such as possessive, accusative and nominative
(with person/gender/number inflections). These properties are applied to most content-
carrying words. The researcher’s trained the language model on various training sets of
1M, 10M and 27M words, which were found to achieve good results. However, when
they tested prediction performance using morpho-syntactic and syntagmatic
information, the performance decreased. The use of morpho-syntactic information such
as part of speech tags didn't increase the prediction results contrary to what they
expected before the experiment. Furthermore, it decreases the prediction results. The
best results were obtained using statistical data on the Hebrew language with rich
morphology. The result shows keystroke savings up to 29% with nine word proposals,
34% for seven word proposals and 54% for a single proposal. We believe that an

increase in the number of proposals affects search time.

Vitoria and G. Abascal [27] carried out a research on word prediction for inflected
language specifically Basque language based on three approaches. This study has
briefed various word prediction techniques and their difficulties to apply to an inflected
language. Basque language is mainly inflected using suffixes even though there is a
possibility of infixes and prefixes. The first approach needs two dictionaries, one for
lemmas and other for suffixes since it predicts lemmas and suffixes separately. Where,
the first dictionary stores lemmas of the language alphabetically ordered with their
frequencies and some morphologic information in order to know which possible
declensions are possible for a word. The second dictionary stores suffixes and their
frequencies. The system starts prediction by providing a lemma of the next word and
when the lemma is accepted, the system offers the suffixes that are correct for this
lemma ordered by frequencies. As the acceptable suffixes for a noun can be about 62
only the most probable n suffixes are offered. Possibilities of recursively composed
suffixes are some of the challenges in this approach even though hopeful results are
obtained. In the second approach syntactic information is added to the dictionary of

lemmas and some weighted grammatical rules on the system. The main idea is to parse
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a sentence while it is being composed and to propose most appropriate lemmas and
suffixes, where parsing allows storing and extracting information that has influenced in
forming verb. The third approach treats, beginning of a sentence using statistical
information, while advancing in composition of a sentence, and uses this information to
offer the most probable word including both lemma and suffix. Three tables are used,
one with probabilities of syntactic categories of the lemmas to appear at the start of a
sentence, probability of basic suffixes to appear after those words and probabilities of
basic suffixes to appear after another basic suffix. Adaptation of the system would be
made updating the first table and while suffixes would be added to a word, the other
two tables will also be updated. As the researchers state, to predict whole words it is
necessary to determine syntactic role of the next word in a sentence, which can be done
by means of a syntactic analysis. However the results are not good enough compared

with results obtained in non-inflected languages.

Agarwal and Arora [16] developed a Context Based Word Prediction system for SMS
messaging in which context is used to predict the most appropriate word. The
development of wireless technology has made available different ways of
communications like short message service (SMS) and with its tremendous increase of
use there comes a need to efficient text input methods. Various scholars came up with
frequency based text prediction methods to attempt this problem. However, using only
frequency based word prediction may not grant correct result most of the time. For
example: considering a sentence “give me a box of chocolate” and “give of a box of
chocolate”, the appropriate word after the word “give” is the word “me”, however the
system proposes the word “of” since it has higher frequency than word “me”, similarly
the appropriate word after the word “box " is “of” than “me” and here frequency based
is acceptable. Therefore incorporating context information is helpful to offer suitable
word and this work models first order Marcov dependency between POS of consecutive
words. A machine learning algorithm is used to predict the most probable word and
POS pair, given its code and previous word’s POS. Considering the fact that short
emails resemble SMS messages closely, the algorithm is trained on 19,000 emails and
testing is done on 1,900 emails which are collected from Enron email corpus. The
results show 31% improvement compared to the traditional frequency based word

estimation.
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Aliprandi et al. [43, 44] focuses on designing letter and word prediction systems called
FastType for Italy language. Italy has a large dictionary of word forms, which go with a
number of morphological features, produced from a root or lemma and a set of
inflection rules. Statistical and lexical methods with robust open-domain language
resources which have been refined to improve keystroke saving are used. The user
interface, predictive engine and Linguistic resource, are main components of the
system. The predictive engine is the kernel of the predictive module since it manages
communication with the user interface keeping trace of prediction status and of the
words already typed. The morpho-syntactic agreement and lexicon coverage, efficiently
accessing linguistic resources as language models and very large lexical resources are
core functionalities of the predictive module. In addition, to improve morphological
information available for prediction engine, POS n-grams and Tagged word (TW) n-
grams are used. The prediction algorithm for Italian language is presented by an
extended combination of POS trigrams and simple word bigrams model. A large corpus
prepared from newspapers, magazines, documents, commercial letters and emails are
used to train Italian POS n-grams, approximated to n = 2 (bi-grams) and n = 3
(trigrams) and tagged word n-grams, approximated to n = 1 (uni-grams) and n = 2
(bigrams).Keystroke saving (KS), Keystroke until completion (KUC) and Word Type
Saving (WTS) are three parameters used to evaluate the system on a test set of 40 texts
disjoint from the training set. According to test benchmarks, the result shows a relevant
improvement in keystroke saving, which reached 51%, comparable to what was
achieved by word prediction methods for non-inflected languages. Moreover, on
average 29 % WTS, meaning at standard speed without any cognitive load saving in
time and 2.5 KUC is observed.

Hunnicutt .S et al. [48] developed a statistical based word prediction system by
constructing a database for Swedish language called Profet; it extends the available
word prediction system which uses word frequency lexicon, word pair lexicon, and
subject lexicon. Profet has been used for a number of years as a writing aid by persons

with motoric disabilities and up to 34% in letters when only one word is typed.

Qaiser Abbas [60] conducted a research text prediction of an inflected and under-
resourced language Urdu. The interface developed is not limited to a T9 (Text on 9
keys) application used in embedded devices, which can only predict a word after typing
initial characters. It is capable of predicting a word like T9 and also a sequence of word
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after word in a continuous manner for fast document typing. It is based on the N-gram
language model. This stochastic interface deals with three N-gram levels from unary to
ternary independently. The unigram mode is being in use for applications like T9, while
the bigram and tri-gram modes are being in use for sentence prediction. The measures
include a percentage of keystrokes saved, keystrokes until completion and a percentage
of time saved during the typing. Two different corpora are merged to build a sufficient
amount of data. The test data is divided into a test and a held out data equally for an
experimental purpose. According to the researchers view this whole exercise enables
the QASKU system outperforms the FastType with almost 15% more saved keystrokes.

3.4 Summary

In this chapter we reviewed previous studies both for Ethiopian and non-Ethiopian
languages, including the specific approach they applied, and results obtained from their
experiment. All the above reviewed papers provided information that is used during
development of the word sequence prediction model; this helped us to choose which
approach and method of procedure to follow for Tigrigna word sequence prediction.
From the reviewed works, we also learnt that considering only the frequency of words
is not enough for inflected languages. Incorporating context information increases the
effectiveness of prediction output for some languages and to other languages it
decreases the result. For instance, Hebrew language. Considering the nature of Tigrigna
language and based on literature review we decided to use statistical approach and

linguistic rules.
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CHAPTER FOUR: DESIGN OF TIGRIGNA WORD
SEQUENCE PREDICTION SYSTEM

4.1 Introduction

The aim of this thesis work is to develop a Tigrigna word sequence prediction system
that provides or retrieves list of next words to the user. Here, whether the user writes the
first word or not the system suggest the list of words. This chapter presents the system

architecture, descriptions of each component of its modules with their algorithm.

4.2 Architecture of the System

The architecture has three major modules: Candidate Tag Prediction, Language
modelling, and Candidate Word Selection. Here in candidate tag prediction module
the user input is tokenized and then the list of token is assigned to its appropriate tag
using Tagging component in order to find its appropriate next word based on its tag
type and sequence in the tagger dictionary. Then, the Tag sequence prediction
component extracts tag sequence and candidate tag list with their tag type and
probability by comparing from Tag sequence Model if it is available. After it gets the
candidate tag with its tag sequence, the Tag sequence prediction component generates
the candidate tag with its tag sequence to Grammar Agreement Checking component.
Then, the Grammar Agreement Checking component checks whether the candidate tag
is in a grammar rule or not. Subsequently, after checking the grammatical arrangement
of candidate tag, the Grammar agreement checking component produces the grammar
result and their probability. Language modelling like Word Sequence Model and Tag
Sequence Model are built based on the tagged training corpus. The candidate word
prediction component uses the Word sequence model to propose the appropriate next
word and combine the tag sequence with the word sequence. The candidate word
Prediction component produces list of candidate words based on their grammar result to
word ranking component. Finally, the word ranking component generates top five lists
of words to the word list. The detailed description of each module, components and

their algorithms within module is given in the subsequent sections.

The architecture of Tigrigna word sequence prediction model is described in Figure 4.1.
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Figure 4. 1: Architecture of Tigrigna word sequence prediction model
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4.3 Language Modelling

This module describes how the POS tagged corpus of Tigrigna word sequence
prediction system works in order to produce the prediction model. This corpus received
a tagged Text inputs which is treats as a group of sentences. This module has main
components namely Sentence Splitting, Tokenization, Tag sequence extraction and
word sequence extraction. And finally produces a word and tag language model. This
model is used to store statistical information which serves as a knowledge base when
predicting suitable tags and words. A sample of Tigrigna sentence annotated with

morphology and tag information is shown in Table 4.1.
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Table 4.1: Sample Tigrigna sentence annotated with morphology and tag

<sn="13"> <s N="14"><w type="N_p">A179-F</w><w

<w type="N">9"AnJI</w> type="N">07-AAI°C</w>

<w type="ADJ">hAh?°CAP</w> <w type="N_p">7°An-F7°</w><w
<w type="N">0"7nAG</w> type="V">& 71 &</w><w

type="V_IMF">a0\"7</w>
<w type="ADV">hao £,</w>

<w type="ADV">N¥F LO</w><w
<w type="V_REL">HNA-</w>

type="ADJ_p">Hhth-</w><w
<w type="V_AUX">hA.I°</w>
type="N">A1</w>
<c type="PUN">?</c>
<w type="CON">A"71</w><w
</s>

type="V_PRF">HE4 TLM+</w><w
type="CON">£77</w>

<w  type="PRE">hA1</w><w
type="PRE">GI</w><w
type="ADJ">HA%N</w>

<w type="N">LL B h-</w><W
type="V_REL">HOA ch</w>

<w  type="V_PRF">h&TAA?</w><w
type="V_IMF">hA?h7</w>

<w type="V_AUX">L A </w><(

type="PUN">: </c></s>

4.3.1 Sentence Splitting

The task of Sentence Splitter component is to split the text input of the corpus to
sentences by recognizing the end of a sentence in Tigrigna corpus like full stop(::),

question mark (?), and Exclamation (!).
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<s n="36">

<w type="ADJ">T0-&</w><w type="N">hAJ°(</w><c type="PUN">: </c></s> <s
n="37">

<w type="ADJ">T0-&</w>

<w type="N">chNé-HAN</w>

<c type="PUN">: </c>

<[s>

<s n="38">

<w type="ADJ">T 0 L-:</w>

<w type="N">"1C</w>

<c type="PUN">: </c></s>

4.3.2 Tokenization

Tokenization component is responsible to break the sentence into smaller parts called
tokens (Words and punctuation).Here the tokenization component split the sentence
(which is the output of Sentence Splitting component after splitting the Text) to list of
Tokens by identifying space (‘ ’) and single colon (’) delimiters. Finally this
component returns a list of tokens. The task of tokenization component is shown in
Algorithm 4.1.
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BEGIN

INPUT l1ist of sentence

For each sentence 1in SentencelList

Tokenlist[]=Sentence.Split(‘|’, ' '),; //tokenize the
sentences using the white space character and word
and tag concatination ‘|”

TagList.add (<start>);
For 1=0,; 1i<TokenList.Count-1,; 1i++

Wordlist.add (Tokenlist[1i],Tokenlist[i+1]);//
add the word and its tag type from the
tokenlist

TagList.add (TokenList[i+1]);// add the tag type
of the word

i+=2; // go to the next word token

end for
TagList.add (<end>) ;

End for each

OUTPUT 1list of token
END

Algorithm 4. 1: Tokenization

4.3.3 Tag Sequence Extraction

The Tag sequence extraction is responsible to fill the Tag sequence model Bigram and

Trigram tables with the token tag sequence and their probability list by performing

probability calculation. This component is responsible to calculate the probability of

each unique tag sequence list that comes from the Tokenization component by using the

N-gram statistical language model to calculate the probability of the tag sequence.

Specifically, N is given as N=2 and N=3 applied to calculate the probability of 2-tag

sequence and 3-tag sequence respectively. If the bigram is found, a subset of all 3-

grams starting with that 2-gram is generated. The probability of the resulting trigram

options is calculated by dividing the count of the trigram by the count of the bigram.
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Finally, after it is calculated the sequence probability of tags, the token its tag type, tag
sequence, and their probability list is stored on the Tag Sequence Model. The task of

the Tag Sequence Extraction component is depicted in Algorithm 4.2,

BEGIN

INPUT 1list of token Probability=

For each tag in TagList// unique tag extraction

If tag is not in TagModel.Unigram
Probabiity=count (TaginTagList)/TagList.Count/();
TagModel .Unigram.Add (tag, Probability),

End If
For 1=0,; i<TagList.count;i++ // two tag sequence extraction

Tagl=TagList[i], TagZ=TagList[i+1], Tag3=TagList[i+2]; sequence
If Tag2 is not <start> and Tagl is not <end>// extract two tag

If Tagl,Tag?2 is not in TagModel.Bigram
Probabiity=count (Tagl,Tag?2 in TagList)/TagList.Count();
Probabiity=count (Tag in TagList)/TagList.Count () ;
TagModel .Bigram.Add (Tagl,TagZ2,Probability) ;

End If

End If

If Tag?2 and Tag3 are not <start> and Tagl and TagZ are not
<end>//extract Three tag

sequence
If Tagl, Tag2, Tag3 are not in TagModel.Trigram

Probability=count (Tagl, Tag2, and Tag3 inTagList)/TagList.count ()

TagModel.Trigram.Add (Tagl,Tag2,Tag3, Probability),
End IF

End If

End For each

Algorithm 4. 2: Tag Sequence Extraction
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4.3.4 Word Sequence Extraction

The Word sequence extraction component is responsible to fill the Word sequence
model Bigram and Trigram tables with the token sequence and their probability list by
performing probability calculation. This component is responsible to calculate the
probability of each unique word sequence list that comes from the Tokenization
component by using the N-gram statistical language model in order to calculate the
probability of the word sequence. Specifically, N is given as N=2 and N=3 applied to
calculate the probability of Bi-gram and Tri-gram sequence respectively. If the bigram
is found, a subset of all 3-grams starting with that 2-gram are generated. The
probability of the resulting trigram options is calculated by dividing the count of the
trigram by the count of the bigram. Finally, after it is calculated the sequence
probability of words, the token its word list and their probability list is stored on the
Word Sequence Model. The task of Word Sequence Extraction component is depicted
in the Algorithm 4.3.

BEGIN

INPUT 1ist of token

Probability =0;
For each word 1in wordlist

If word is not in WordModel
Probability=Count (word in Wordlist)/Wordlist.Count;

WordModel.Add (wordlist.Word, wordlist.tagtype,
Probability);

End IF
OUTPUT Bigram and Trigram table for

END

Algorithm 4.3: Word Sequence Extraction
4.4 Candidate Tag Prediction Module

This module is responsible to process the extraction sequence of words in tag, and
attaches a part of speech tagger to each word. It also performs the tag sequence

prediction of candidate tags from Tag Sequence Model to return a list of tag candidates
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based on the probability of tag sequences. This module has the following components

Tagging, Tag Sequence Prediction and Grammar Agreement checking.

4.4.1 Tagging

The Tagging component is used to tag tokens with their appropriate POS tags from the
tagger dictionary called “Tag <<DB>>". This is performed by accepting token list from
the tokenization component as input and assigns each token with a tag by the help of
tagger dictionary. Finally the tagging component returns token and Tag list. The tag has
information of tokens in word class (POS) and its inflection information (morphology)

of each word class. The task of Tagging component is depicted in Algorithm 4.4.

BEGIN

Read Tag, UserInput, WordModel, TagModel,

Taglist[];

Tokenlist[]=UserInput.split (‘' ', ‘:’),; //Split text into tokens
If(Tokenlist.Count>0)

Taglist.add (<start>);//sentence start maker

ForeachTi in Tokenlist //Where Ti,i=1,2,3,..,n n 1s number of
tokens

If Ti is in Tag

Taglist.Add (Tagtypetag of Ti) If Tagtypetag of Ti 1is sentence
end punctuation

Taglist.Add (<start>) End if
End if
Else Taglist.Add(”Unknown”)
End foreach
End if Else
Taglist.Empty(),; OUTPUT Token and tag list

END

Algorithm 4.4 Token Tagging
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4.4.2 Tag Sequence Prediction

The Word sequence extraction component is responsible to fill the Word sequence
model Bigram and Trigram tables with the token sequence and their probability list by
performing probability calculation. This component is responsible to calculate the
probability of each unique word sequence list that comes from the Tokenization
component by using the N-gram statistical language model in order to calculate the
probability of the word sequence. Specifically, N is given as N=2 and N=3 applied to
calculate the probability of Bi-gram and Tri-gram sequence respectively. If the bigram
is found, a subset of all 3-grams starting with that 2-gram is generated. The probability
of the resulting trigram options is calculated by dividing the count of the trigram by the
count of the bigram. Finally, after it is calculated the sequence probability of words, the
token its word list and their probability list is stored on the Word Sequence Model. The

task of the Word Sequence Extraction component is depicted in Algorithm 4.5.
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BEGIN
INPUT candidate tag list
Candidatetaqg[] []=Empty;// initialize candidate as none
If N>1 // Predict next tag from TagModel.Trigram
FirstTag=Taglist[N-2],SecondTag=Taglist[N-1];

For i=0,i<TagModel.Trigram.count;i++

If FirstTag 1is TagModel.Trigram[i].Tagl and secondTag 1is 1in
TagModel.Trigram[i].Tag2 //

Candidatetag.Add (TagModel.Trigram[i].Tag3,TagModel.Trigram[i].Probability
End if

End for
Else if N=1 //Predict Candidate tag from TagModel.Bigram
Firsttag= Taglist[0];
For i=0,i<TagModel.Bigram.count;i++
Tagl=If FirstTag is TagModel.Bigram[i].Tagl

Candidatetag.Add (TagModel.Bigram[i].Tag2,TagModel .Bigram[1i].Probabilit

End if
End for
End Else If
Else// if there is no user input Predict top ten candidate tag

Candidatetag.Add (TopTen (TagModel.Unigram.Tagl) ,TopTen (TagModel.Unigram. Prob
ability)) ;

LM.Add (candidate,probability) ;
End else

OUTPUT token tag type probability list

END

Algorithm 4.5: Tag Sequence Prediction
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4.4.3 Grammar Agreement Checking

The Grammar Agreement Checking component is responsible to get candidate tag, if
the candidate tag is available by checking the existence in the list whether it exist or not
using grammar rule. Here the system compares the candidate tag which retrieves from
Tag sequence prediction component with the manually prepared rules like SUBJECT-
VERB, OBJECT-VERB, MODIFIER-NOUN, and ADVERB-VERB grammar
agreement rules with the appropriate Morphological feature. So that if the candidate is
available then the rule filters and deletes the candidate from candidate list. The task of

Grammar Agreement Checking component is depicted in the Algorithm 4.6.

BEGIN
INPUT token, tag type and probability
If candidate is in GrammarRule// grammatically incorrect candidate
Candidatetag.remove(candidate)// delete the candidate
End if
End foreach
Return Candidatetag;

OUTPUTcandidate tag with grammar result END

Algorithm 4.6: Grammar Agreement Checking
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4.5 Candidate Word Selection Module

The task of this module is to present the list of candidate next words to the user. To

perform this task it uses Candidate Word Prediction and Candidate Word Ranking
components.

4.5.1 Candidate Word Prediction

The main task of Candidate word prediction component is to retrieve the list of candidate
words using the Word Sequence Model, by interacting with candidate tags and their

grammar result list that comes from Grammar Agreement Checking component.

UT Read Candidatetag, WordModel,
CandidateWord[] [].empty;
TopCandidateWord[] ;
If Candidatetag.Count>0// Predict top words based on the
Candidatetag
For each tag in Candidatetag
For i=0;i<WordModel.count;i++

If tag is in WordModel[i].tagtype

CandidateWord.add (WordModel [1] .word, WordModel [1] .Proba
bility);
End If
End for

End For each

Algorithm 4.7: Candidate Word Prediction
4.5.2 Candidate Word Ranker

The function of Candidate word ranker component is to extract the candidate tag and
generate its appropriate list of next word based on the result that comes from candidate
word prediction component. Word sequence model is a language model used for
retrieving the candidate word from the Word Sequence Extraction by comparing the
probability of candidate word prediction with the unigram table. The unigram table is
used simply to present the candidate word lists and their probability. The candidate

word ranking component selects the most top 5 appropriate next words based on highest
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probability result and lists them on the word list by prioritizing the lists and provide to
users in order to choose their intended next word. The task of candidate word ranker is

shown Algorithm 4.8.

BEGIN

INPUT candidate word

For i=0;i<5;1i++

ProbIndex= 1

For J=i+l; J<CandidateWord.count, J++

If
CandidateWord[ProbIndex] .Probability<CandidateWord[J] .Pr
obability

ProbIndex=J;
End if
End for
TopCandidateWord.add (CandidateWord[ProbIndex] .word) ;
End For
End If
Else //there is no candidate tag
TopCandidateWord.add (“Select top 5 word from WordModel”) ;
End Else //
Display( TopCandidateWord)
OUTPUT Top candidate word

END

Algorithm 4.8: Candidate Word Ranking
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CHAPTER FIVE: EXPERIMENT

5.1 Introduction

This chapter focuses on the corpus collection and experiment of Tigrigna word
sequence prediction prototype. The corpus preparation part includes the Text Corpus
preparation, Tagged Text Preparation, Grammar Rule Preparation, Dictionary Table
Preparation and Sample Tigrigna next word prediction input output. In the Experiment

part we will discuss the experiment parameters and the evaluation result.

5.2 Corpus Collection

To implement the prototype of Tigrigna next word prediction we use a corpus of 3,000
sentences, a tagger consists of 10,000 unique words, a grammar rule consists of 114
grammar agreement rule patterns, and tools of C# programming language, and SQL
Database. The detail of the prototype implementation and tools used is presented in this

section.

Notepad++: is a free tool that is used in this thesis to prepare the annotated Training
corpus and agreement grammar rules that are used for grammar agreement checking

component in an XML structure.

Microsoft Visual Studio: is one of the windows application development platforms,
which runs under windows operating system, contains the windows SDK manager,
class libraries and SQL database. We use this SDK to create a Graphical User Interface

for input of texts from a user and to display list of predicted words to the user.
C# programming language: We write a C# code that helps to train the word prediction

algorithm and to acquire experimental results from the database.

SharpNlp: is an open source toolkit that contains open source C# modules such as

sentence splitter, tokenizer, POS, etc.
SharpNLP is a collection of natural language processing tools written in C#.

- itis an open source toolkit that contains open source C# modules, currently it
provides the following NLP tools: a sentence splitter, a tokenizer, a part-of-
speech tagger, a chunker (used to "find non-recursive syntactic annotations such
as noun phrase chunks"),a parser, a name finder and an interface to the WordNet
lexical database
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- Developed for research development in NLP fields.

SQL database tool: is used to store the tokens within tag type in the tagger dictionary
database, and the trained data in the unique tag sequence and probability database that

used to determine agreement error.
5.2.1 Text Corpus Preparation

The Corpus contains 3,000 sentences collected from three sources of areas such as
magazine [47], books [62, 63], and websites [34] of each 1,000 sentences manually.
From thus; we use 2,800 sentences for training the system and a unique of 1,200 words
from the rest 200 sentence for the purpose of testing the system. The grammatical
correctness of the corpus is approved by Tigrigna language professionals in order to test
the performance of our system. Appendix A shows the corpus that we are used in our

system.
5.2.2 Tagged Text Preparation

The tagger assigns linguistic meanings to each word. Each affix (prefix, infix, and
suffix) or morpheme in word refers to different linguistic meaning such as number,

person, gender, definiteness and the like. The tagger uses manually prepared dictionary.

The dictionary contains 10,000 unique words extracted from the [28]. It contains seven
different category of word with their labels. Noun, Pronoun, adjective, Number, adverb
and verb contain seven labels individually and we add linguistic meaning of the words
manually. Finally the dictionary has 32 unique labels, which are used to assign tag

type of input word and the corpus.
5.2.3 Grammar Rule Preparation

Grammar is used to find grammar errors from the statistically predicted words. Thus,
we use Tigrigna agreement grammar rules in XML structure [32]. The system uses the
grammar rule file in the xml file to check errors in a sentence, if a pattern declared in
the rule matches the input sentence, then error is shown to the user. The grammar rule
has 114 unique incorrect grammar agreement patterns. Out of the 114 patterns, around
43 patterns are MNA, 27 patterns are SVA, 27 patterns are OVA, and the rest 17

patterns are AVA. The grammar rules are shown in Figure 5.1.
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Figure 5. 1: Sample of Prepared grammar rules
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5.2.4 Dictionary table Preparation
SQL Database Model

The database model is a storage that holds the tagger dictionary and the language model

data’s such as unigram, bigram, and Trigram.

Unigram Table: is prepared in a three columns; the first column is the unique word,
the second column is their tag type and the third their frequency in the corpus. It is

stored in SQL database table as shown in Figure 5.2.

Word Tag Frequency
40Ch? V_PRF_Ssml_Osf3  0.04089219
40c V_PRF_Ssm3_Osm3 (0.007434944
7085L N s 0.007434944
0¥ V_PRF_Ssf3_Osm3  0.007434944
A0% N_s 0.01115242
0 V_PRF_Spm3 0.007434944
70252 N_s 0.01115242
02 V_IMV_Spm3 Osml 0.04089219
ns V_IMV_Spm3 Opl 0.01115242
ALLT V_GER_Spf3 0.01115242
AL V_GER_Spm3 0.01115242
A% V GER Ssm3 0.01115242

Figure 5.2: Sample data stores in the unigram Table

Bigram Table: is prepared in a three columns; the first column is the first tag, the
second column is their next tag and the third their frequency in a sequence in the

corpus. It is stored in SQL database table as shown in Figure 5.3.

First_Tag Next Tag Frequency
ADJ N 0.01486989
N PUN_End 0.01115242
PRE N 0.0074345944
N N p 0.01115242
N _p PUN_dcot 0.007434544
PUN_dcot ADJ 0.01115242
ADJ N_s 0.040859219
N s N_PRP_s 0.01115242

Figure 5.3: Sample data Stores in the Bigram Table
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Trigram Table: it contains the sequences of three tags and their frequency in the

corpus. The trigram table is shown in the Figure 5.4.

First_Tag Second_Tag Next_Tag Frequency

start AD]J N_s 0.007874016
ADIJ N_s ADJ_sm 0.007874016
N s ADJ_sm N_s 0.007874016
ADJ_sm N_s AD]J 0.007874016
N_s ADJ CON 0.007874016
ADJ CON V_IMF 0.007874016
CON V_IMF V_AUX_Ssm3 0.007874016
V_IMF V_AUX_Ssm3 PUN_End 0.007874016

Figure 5.4: Sample data store in the Trigram Table

Dictionary Table: It contains a unique of 10,000 words and their linguistic meaning.

The dictionary table is shown in the Figure 5.5.

Word Tag Type

VIm-21+ N s
VIRT N s

UIR N

VIR T N _p
UIRFT7 N _PRP _p
UIRE ADJ_sm

Figure 5.5: Sample words in the Dictionary

5.3 Implementation

We used different tools and developing environments in order to implement the
algorithms and to do necessary experiment on the system. We write a C# code that
helps to train the word prediction, to validate the grammatical correctness of candidate
words, to display top five candidate words, and to acquire experimental results from the

database.

The User type a text in text box (input) and when space bar or one of delimiters is
pressed, the system predicts 5 possible single next words and shows them in list box,
with the most likely suggestion in the top of the list. Next, a user clicks his or her

preferred word from a given list of word options instead of typing each character and
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then click add button. However, if the required word is not listed in a given option, then
a user continues typing as usual writing method manually. Figure 5.6 and Figure 5.7
shows User interface of word sequence prediction.

s Tigrigna next Word Prediction - U

)
A
At
gon

Top 5 Words

% Next word

Figure 5.6: User interface without user input

al Tigrigna next Word Prediction
"N

Figure 5.7: User interface of word sequence prediction
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5.4 Test Results

We evaluate Tigrigna word sequence prediction prototype, using the evaluation metric
precision manually. In order to evaluate our system performance, we use an evaluation
metrics precision manually. Given that FCW be the number of words correctly flagged

and FWW be the number of words wrongly flagged, NFW be the number on flagged

words, then the precision is given by the following equations.

Precision=

CFw
CFW+FWW

Where, CFW indicates correctly flagged words and WFW are flagged wrong words.

The testing is performed a sample of 1,000 words were taken from the test data set by

categorized as sequence of two words and sequence of three words as shown in the

Table 5.1.
Table 5.1: Test data
Testing category Number of W( Number of words Total
correctly flagged | Wrongly flagged
Sequence of two words 428 72 500
Sequence of three words | 405 95 500
Total 833 167 1000

We perform system testing in four different days by labelling as Expl, Exp2, Exp3 and
Exp4 of results in Dayl, Day2, Day3, and Day4 respectively. In each experiment
250(Two hundred fifty) sequence of word were distributed and tested daily and

accordingly, the result of correctly predicted sequence of words are shown in Table5.2

and Figure 5.3.
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Table 5.2: Correctly predicted words in each experiment

Experiment Results

Expl Exp2 Exp3 Exp4 Average
Sequence of two 79% 83% 92% 86% 85%
tags
Sequence of three 81% 85% 76% 84% 81.5%
tags
Average test result 80% 84% 84% 85% 83.25%

The average experiment result for correctly predicted word is shown in Figure 5.3

100 %
80%
60 %
40%
20%

0%

Sequence Sequence

The average experiment result

of two

word

of three

word

MExpl MWEx2 M Exp3

Average

Expl

D Exp4 M Average

Exp3

Figure 5.7: The average experiment result

Average




5.5 Discussion

The result of the experiment is shown on table 5.2. When Testing is done using
Sequence of two tags in different days by labelling as Expl, Exp2, Exp3 and Exp4 we
obtain the performance of correctly predicted words 79%, 83%, 92% and 86%
respectively. When Testing is done using Sequence of Three tags in different days by
labelling as Expl, Exp2, Exp3 and Exp4 we obtain the performance correctly predicted
words 81%, 85%, 76% and 86% respectively. On the average, 85 % performance of
correctly predicted words are obtained using Sequence of two tags and 81.5 %
performance of correctly predicted words are obtained using Sequence of Three tags.
Word prediction using Sequence of two tags provides better performance than

Sequence of Three tags.
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CHAPTER 6: CONCLUSION AND FUTURE WORK

6.1 Conclusion

In this study, a word sequence prediction model is developed for Tigrigna language
using statistical methods and linguistic rules. Word prediction software is used to
minimize keystrokes for different users, especially people with disability by forecasting
the next intended word in order to improve their writing methods. We prefer
considering Part Of Speech based prediction techniques that could help the predictor to
suggest the next word. As we have stated in Chapter 3 a humber of researches have
been conducted on various languages. Even if there are different researches in Tigrigna,
there is no work on the topic of word sequence prediction that considers both syntax

and word information.

This study is used to develop a Tigrigna word sequence prediction system that provides
or retrieves a list of next words to the user depending on previous history words. This is
done using n-gram statistical models based on two Markov language models, one for
tag, the other for words which are developed using manually tagged corpus, and

grammatical rules of the language.

The designed model is evaluated based on a precision metric used to evaluate systems
performance. According to our evaluation, On the average 85 % performance of
correctly predicted words are obtained using Sequence of two tags and 81.5 %
performance of correctly predicted words are obtained using Sequence of Three tags.
Word prediction using Sequence of two tags provides better performance than

Sequence of Three tags.

6.2 Contribution of the Thesis

The contributions of this thesis work are listed as follows:

We proposed architecture for Tigrigna word sequence prediction model

We identified that POS based n-gram provides better prediction when there is a good
tagger.

We developed algorithms for the Tigrigna word sequence prediction model.
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6.3 Future work

This work can be extended in numerous ways to enhance the task of Tigrigna word
sequence prediction. The following are some of the recommended views for future

work.

1. Lack of adequate POS tagged corpus makes this works hard to keep morph-
syntactic agreement complete. However, Tigrigna word sequence prediction can
be improved if good Tigrigna POS tagger is incorporated and if the model is
supplemented with POS. 2. Tigrigna is a morphologically complex language as
we have discussed in Chapter 2. Moreover, there is no morphological analyser
tool for Tigrigna language. In this work, we used manually prepared
morphological information embedded with a POS tagger to keep morpho-
syntactic information. Hence, we recommend the development of morphological
analyser and synthesizer tools for the language.

2. To accomplish the task of word sequence prediction process for Tigrigna
language needs an efficient training data set with quality and quantity. We use a
corpus of 3,000 sentences; a tagger consists of 10,000 unique words. We suggest
that better prediction results can be obtained when training on large amounts of
data.

3. The quality of POS taggers has quite a negative effect on the predictor system. In
this work, when predicting next words based on their tag sequence for a given
word, the performance result is somehow decreased when the number of n tag
sequences is increased. Because when the number of n-tag sequences increases it
becomes complex. Therefore, we recommend considering recency of words
other syntax and semantic methods along with highest frequency.

4. This research is done to predict the next word after analysing sequences of words
in a given simple Tigrigna sentence by checking the grammatical arrangement
which is “single word” than phrases or other sentences in a standalone platform.
Thus, to develop a word sequence prediction and to predict in a phrase level in a

sentence is an open research area.
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APPENDICES
Appendix A: Geez Script writing alphabet

(U HA [0+ HU [% W |7 HA |[% HE (v H_|[¥ Ho
A LE (& LU JA LT A LA A LE A L & 10
b HA vy HU . HI b HA e HE M HO
oo ME om MU  “%. MI _[®7 MA "L _ME _7° M |1 MO

.

[ SE [ SU_ |“_SI |1 SA | SE |2~ § |¥ SO

4/ RE (¢ RU & RI | é RA & RE € R [ RO
6 SE & sU A sI_ A sa A SE A S |6 so |
(A SHE G- SHU A, SHI (4 SHA 8. SHE @ SH | & SHO |
|+ KE |+# KU |4¢ KI |#% KA |¢ KE |+ K |+ KO
N BE_0- BU ML BI_ 1T BA 0 BE H B 8 BO
|4 _TE [+ TU [+ TI |2 TA |+ TE [+ T |+ TO |
JF CHE [F CHU £ CHI [#* CHA |%#  CHE ¥ CH ¥ CHO
|7 HA [ HU |2 HI |3 HA | HE [? H |< HO
[* NE | NU [% NI |9 NA |% NE [7 N |§ wNO |
(% GNE " GNU L GNI % GNA R GNE %Y GN & GNO |
[N A A& U A1 |A A M E A1 kO
W KE [ KU [h. KI_|h KA |h KE [ K | KO

M HE e HU R, M1 M HA W HE W B [P HO
'@ WE @ WU  WI T WA | WE o W |[# WO
[0 A [0 U |9 1 |2 A |2 E [ 1 |? O
i _Z2E [ ZzUu W 71 M zA |0 ZE (M Z |w 7o |
W ZHE (W ZHU W, ZHL (W ZHA (W ZHE W ZH | W ZHO |
| YE [¢ YU [ VI |f YA | YE |& Y |¥ YO

£ ODE % DU A DI % DA (% DE & D X DO
[¥ [ w (X i B A | GE ¥ 3 X jO

<

17 GE |7 GU |7 Gl |.2 GA |2 TE | G |7 GO
M TE m TU _m. TI | TA |m CHE | T T |M TOo |
@M CHE  @% CHU 6, CHI  “% CHA a@w PE < CH & CHO
A PE A PU A Pl |2 PA A TSE & P |R PO

[RA ISE (% ISU |A. ISl |% ISA |& ISE (& 1S |® TS0 |
[ TSE [0- _TSU |4 7151 |91 TSA |2 TISE |0 TS |? TSO |
|4 FE__| 4 FU_ |& FI_|4 FA A& FE_ & F |6 FO
|’ PE [ PU [ PI |2 PA |% PE [T P |7 PO
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Appendix B: Sample list of Bigram data

Bigram
Tagl Tag2 Probability |
N_pm N_s 0.002624241
N_s N_PRP_s 0.002460226
N_PRP_s ADV 0.001148106
ADV ADJ_pm 0.0001640151
ADJ_pm N_p 0.0006560604
N_p ADV 0.0006560604
ADV N_V 0.002296211
N_V V_REL 0.002952272
V_REL ADJ 0.005084468
ADJ V_IMF 0.003936362
V_IMF N_s 0.001968181
N_s V_GER 0.003444317
V_GER UnKnown  [0.0008200755
UnKnown ADJ_pm 0.0003280302
ADJ_pm ADV 0.0001640151
ADV N_PRP_s 0.001968181
N_PRP_s N_PRP_s 0.0008200755
N_PRP_s N_s 0.001312121
N_s N_s 0.003116287
N_s V_GER_Spm3 (0.0004920452
V_GER_Spm3 |UnKnown  |0.0003280302
UnKnown N_p 0.0003280302
N_p ADJ 0.001148106
ADJ N_s 0.0141053
N_s ADV 0.002460226
ADV ADJ_p 0.0001640151
ADJ_p V_AUX_Spm3 |0.0001640151
V_AUX_Spm3 |UnKnown  |0.0003280302
Unknown  |ADJ 0.0004920452
ADJ N 0.0314909
N PUN_End 0.002788257
PUN_End 0.04986059
PRE 0.0006560604
PRE N 0.001640151
N N_p 0.002296211
N_p PUN_dcot  |0.0003280302
PPUN_dcot  |ADJ 0.0003280302
N_s AD_s 0.0003280302
AD_s N_p 0.0003280302
N_p V_AUX_Ssm3 |0.0003280302
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Appendix C: Sample list of Trigram data

Trigram
Tagl Tag2 Tag3 Probabilty
N_pm N_s N_PRP_s 0.0006924009
N_s N_PRP_s  |ADV 0.0003462005
N_PRP_s  |ADV ADJ_pm 0.0001731002
ADV ADJ_pm N_p 0.0001731002
ADJ_pm N_p ADV 0.0001731002
N_p ADV N_V 0.0003462005
ADV N_V V_REL 0.001038601
N_V V_REL ADJ 0.0006924009
V_REL ADJ V_IMF 0.0005193007
ADJ V_IMF N_s 0.0006924009
V_IMF N_s V_GER 0.0006924009
N_s V_GER UnKnown  |0.0003462005
V_GER UnKnown ADJ_pm 0.0001731002
UnKnown  |ADJ_pm ADV 0.0001731002
ADJ_pm ADV N_PRP_s 0.0001731002
ADV N_PRP_s  |N_PRP_s  (0.0001731002
N_PRP_s  |N_PRP_s  |N_s 0.0005193007
N_PRP_s  |N_s N_s 0.0005193007
N_s N_s V_GER_Spm3 |0.0003462005
N_s V_GER_Spm3 [UnKnown 0.0003462005
V_GER_Spm3 |UnKnown N_p 0.0001731002
UnKnown  |N_p ADJ 0.0001731002
N_p AD) N_s 0.0001731002
ADJ N_s ADV 0.0006924009
N_s ADV ADJ_p 0.0001731002
ADV ADJ_p V_AUX_Spm3 (0.0001731002
ADJ_p V_AUX_Spm3 UnKnown  (0.0001731002
V_AUX_Spm3 |UnKnown  |AD! 0.0001731002
UnKnown  |AD! N 0.0001731002
ADJ N PUN_End  0.0005193007
N PUN_End | 0.002942704
| PRE N 0.0001731002
PRE N IN_p 0.0001731002
N IN_p PUN_dcot  |0.0001731002
N_p PUN_dcot  |AD! 0.0001731002
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Appendix D: Sample implementation source code

for (int it = 0; it < CandidateT.Count; it++)

if (CandidateT[it].Contains('N'))
{
for (int m = Itagtype.Count-1; m >= 0 ; m--)
{
if (Itagtype[m].Contains('Z') || Itagtype[m].Contains('U') || Itagtype[m].Contains('D'))
{
string Noun = CandidateT[it].ToString():
string modifier = Itagtype[m].ToString():
char[] splch = new char[] { ' ' }:
string[] Nouns = Noun.Split(splch):
string[] Modifiers = modifier.Split(splch);
if (Nouns[0].Contains('m') && Modifiers[l].Contains('f'))

{
CandidateT.Remove (CandidateT [it].ToString()):
CandidateW.Remove (CandidateW([it].ToString()):
break;
}
if (Nouns[O].Contains('f') && Modifiers[l].Contains('m'))
{
CandidateT.Remove (CandidateT [it].ToString()):
CandidateW.Remove (CandidateW([it].ToString()):
break;
}
if (Nouns[0].Contains('p') && Modifiers[l].Contains('s'))
{
CandidateT.Remove (CandidateT[it].ToString()):
Candidatel.Remove (CandidateW([it].ToString()):
break;
}
if (Nouns[O].Contains('s') && Modifiers[l].Contains('p'))
{

CandidateT.Remove (CandidateT[it].ToString()):
CandidateN.Remove (CandidateW[it].ToString()):
break:
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