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ABSTRACT 

The purpose of conducting this study is to design Afaan Oromoo word sequence prediction model 

to explore the effect of morphological information on word sequence prediction. Word prediction 

is a natural language processing problem that attempt to predict the correct and most appropriate 

word in a given context; it utilizes language modeling application to guess the next word based on 

the context in which it has been previously used in a text.  Even though, Afaan oromo is used by a 

large number of populations, no noteworthy work is done on the topic of word sequence prediction. 

Thus, in this study, word sequence prediction model for Afaan oromo was developed using 

statistical methods and morphological features. The researcher presented a model that predicts 

the most likely word based on statistical and morphological information of previous words. N-

gram method was employed to construct a Bigram and Trigram language model from stem forms 

sequence.  In addition, morphological properties of Afaan Oromoo verbs and nouns have been 

extracted using Hornmorph morphological analyzer to develop language model from stem form 

with morphological features such as tense, case, number, gender and person. Accordingly, the 

model was set out to suggest the next word to be typed by a user in three phases. Firstly, the most 

probable stem forms are predicted using language model. Secondly, morphological features are 

predicted for the proposed stem forms. Lastly, the proposed root or stem word and morphological 

features are used by morphological synthesizer to generate appropriate surface words. To 

evaluate the performance of the word sequence model and to demonstrate how morphological 

features determine the accuracy of word prediction models, the developed model was compared 

with a model that was developed without considering the morphological features. Accordingly, an 

experiment had been conducted based on Keystroke saving, and the result of the experiment 

indicated the better KSS is achieved with the model constructed from N-gram and morphological 

information. Based on the result of this study, specific research direction is recommended.  
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 CHAPTER ONE: INTRODUCTION 

1.1 Background  

In today’s information society, massive amount of data is stored and processed by computers and 

other electronic devices to assist various operations in the daily activities of humans. It has been 

more than half a century since computer technology is engaged in supporting activities like word 

processing, web browsing, e-mail, blogging, and so on. All these applications require a text entry 

method.  Text document is entered into computer system through peripherals such as standard 

keyboard, touch screen, trackball, mouse and other devices. Keyboard is a dominant text entry 

method due to its ease of implementation, higher speed and less error rate [1][2].  Computer 

keyboard layout has been popularly used since typewriter was invented with QWERTY layout in 

late 19th century.  This layout was invented to solve the mechanical jamming of the key and to 

provide high entry rate with low error rate via the assumption that the probability that two keys 

next to each other in an alphabetical order would be hit in that order is minimal [3]. 

 

In the milestone of keyboard development, numerous keyboard layout has been developed to 

increase number of characters entry per minute by rearranging the place of each key. In this regard, 

QWERTY is the most commonly used for Latin scripts. Replacing Q and W by A and Z, AZERTY 

layout is being used in France. In this layout A and Z replace Q and W of the QWERTY layout. 

Similarly, in Germany, Y is replaced by Z and gives the QWERTZ layout. Furthermore, Half – 

QWERTY keyboard is used to type with only one hand [2] [1]. 

 

On the other hand, Trackball with on-screen keyboard is another alternative text entry method 

mostly used by person with little motor capacity [4].  A trackball is like a mouse that has been 

turned upside-down, with a mechanical ball that rolls in place. Although a plethora of studies show 

that for able-body users, trackballs are slower and less accurate, for person with motor disability, 

it is the most common solution to use virtual keyboard and assistive devices. Although, trackball 

with on-screen keyboards are easy to learn, they have many drawbacks. For instance, they are 

visually fatiguing, equivalent to typing in a “hunt-and-peck” fashion [4] [5]. Touch screen with 

the use of on-screen keyboard is text entry method that monopolize mobile and tablet text entry, 
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via detecting the pressure on contact area [6]. This is an image of a keyboard layout rendered on a 

touch-sensitive screen. The typical on-screen keyboard uses the familiar QWERTY layout. 
 

So far, numerous research works have been conducted to improve text entry method, especially to 

enable easy use for people with disability. According to [4], on average around 23 words per 

minute can be entered via standard keyboard. They added that secretaries using 10 fingers have a 

speed of 25 wpm. Nevertheless, for people subjects with disabilities, who use an assistive device, 

text input speed was only 5 wpm [4]. One of the methods to assist people with motor limit is by 

using assistive devices that reduce motor cost [16].  Although assistive devices render computers 

accessible to people with disabilities, the actual inputting of text can be very slow [4]. 
 

 Simulation studies have shown that optimizing the layout of the keyboard can increase text input 

speed by 36–55 percent compared with a QWERTY keyboard [4]. Although many improvements 

are made by rearranging keyboard layout to reduce the distance between letters, they are limited 

to support speedy typing, spelling error detection and assisting people with disability.  
 

AI has opened unique possibilities to create new text entry or improve upon existing ones [3]. AI 

is an interdisciplinary field of study computer speech and language processing, natural language 

processing, computational linguistic and other disciplines with the goal to get computers to 

perform useful tasks involving human language, tasks like enabling human-machine 

communication, improving human-human communication or simply doing useful processing of 

text or speech [7]. 
 

According to Shannon human language are highly redundant. These redundancies can be captured 

in language models. The goal of language modeling is to capture and exploit the restriction 

imposed on the way in which word can be combined to form sentences. It describes how words 

are arranged in natural language [7]. Language modeling has many applications in natural 

language processing problems, such as automatic speech recognition, statistical machine 

translation, text summarization, and character and handwriting recognition.  Word prediction, 

which is a natural language processing problem that attempt to predict the correct and most 

appropriate word in given context, utilizes language modeling application to guess the next word 

given in previous words [8]. 
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The milestone of word prediction takes us back to the end of Second World War when the number 

of people with disability was increased dramatically. Consequently, to help them to communicate 

with outside world, assistance technology such as AAC Augmentative and Alternative 

Commination system was developed [18] [17]. Early 1980’s word predictions techniques have 

been established as a method in the development of AAC systems. Although, word prediction 

application emerged with AAC. Later on, it has also been adopted in writing assistance systems 

with the goal of increasing keystroke save percentage, automatic spelling corrector and grammar 

checker.  
 

There are various prediction systems which have been developed by employing with different 

approaches for different languages. Masood and Sadaeed [18] summarize the three major word 

prediction approaches as statistical modeling, knowledge-based modeling and heuristics modeling 

[18]. In statistical modeling, the choice of words is based on the probability that a string may 

appear in a text. The statistical information and its distribution could be used for predicting letters, 

words and phrases. Jurafsky and martin [7] states statistical word prediction as estimating the next 

word can be computed from the probability of previous sequence of few words, this approach is 

called N-gram; it is based on markov assumption that the probability of a word is calculated on 

basic of the last few words and the history is approximated by the last few words [7].  Most of 

existing word prediction system employs this statistical approach using n- gram with POS tags 

[18] [8]. 

Knowledge - based prediction systems that merely use statistical modeling for prediction often 

present words that are syntactically, semantically, or pragmatically inappropriate and impose a 

heavy cognition load on users to choose the intended word in addition to the decrease in writing 

rate. Syntactic, semantic and pragmatic linguistic knowledge can be used in prediction systems 

[9]. 

Heuristic (adaptation) method is used to make more appropriate predictions for a specific user and 

it is based on short term and long-term learning. In short term learning, the system adapts to a user 

on 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 to a user in 

a single text [18] [9]. 
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Word prediction research for Ethiopian languages, as far as the literature search of the researcher 

is concerned there is a dearth of research on word prediction, particularly on Afaan Oromo 

language.  As a response to this short coming, in this study, we present Afaan oromo word 

sequence model that predict the most probable word based on statistical information and 

morphological information of previous words. 
 

1.2  Statement of the problem  

The purpose of conducting this research is to make Afaan Oromo users beneficiaries of computer 

technology that will assist Afaan Oromo text entry.  Afaan Oromo is Cushitic language which is a 

family of Afro Asiatic languages. Afaan Oromo is being spoken by more than 30 Million peoples 

in Ethiopia, though the majority of native speakers live in Ethiopia, they also live in Kenya, 

Somalia and Egypt. As the Ethiopia ‘s statistical report of 2007 [13] shows there are more than 25 

million speakers of Afaan Oromo in Ethiopia and this fact shows that, the language has the largest 

speaker followed by Amharic language. It is third largest language in Africa following Kiswahili 

and Hausa; 4th largest language, if Arabic is counted as Africa language [11] [12].  

 

So far, many researches were conducted to integrate and to make Afan Oromo language 

beneficiary of the technology. In those studies, an attempt was made on Automatic sentence parser 

[14], part of speech tagging [13], morphology based spell checker [21] and rule based Afaan oromo 

grammar checker [11] are researches conducted on the area of NLP and Afaan Oromoo.  The 

overall goal of this studies is to enable computer to perform useful task involving Afaan Oromoo 

language.  

NLP has potential benefit for simplifying the interaction and communication difficulties between 

human-machine or human-human. Word prediction is a NLP problem that attempt to guess the 

next word given in previous words.  The competence of predicting the most probable word has 

wide variety of application in IR, Speech recognition, handwrite recognition, communication aid 

and other systems. In addition, word prediction techniques have also explored a new method on 

existing text entry method. Word prediction provide engine for Auto complete and writing aid     

systems.  

Word prediction has a wide application in the development of AAC systems to assist people with 

disability, to minimize physical movement required to produce a text and to reduce cognitive load 

of correct spelling [15]. Word prediction also serves as writing aid systems to speedy text entry 
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and to support non-native language learners by suggesting the correct word and auto spelling 

corrector [18] [19].   

 

Word prediction researches conducted so far in Ethiopia are specific for certain language such for 

Amharic and Afaan Oromo. Nevertheless, as far as the knowledge of the present researcher is 

concerned, in Ethiopia studies on word prediction are scant. Only three research were conducted 

to date for Amharic and Afaan Oromo. For instance, Nesredin Suleiman [2] conducted research 

on Amharic word prediction for online handwriting recognition using by bi- gram model. In 

addition, Tigist Tensou [9] conducted a research to develop Amharic word prediction model using 

statistical method and linguistic rules. However, it is only Gudisa Tesema [10] who made the first 

attempt to design and develop Afaan Oromo word prediction on mobile phone. Gudisa employ 

machine learning algorithm. In his study, he identified word prediction as a classification task. By 

using SVM bag of word would be created for word with the same class. Predictor model was 

constructed using HMM for the prediction purpose. The major focus of his work was to classify 

word in some class without considering morphological information. In other words, feature 

selection does not include grammatical features such as, tense, number, gender, person, aspect and 

case information. However, in Afan Oromo most of the grammatical information such as tense, 

aspect, voice, case, gender, number and person are conveyed through affixes attached to the roots 

or stems [11]. Consequently, both Afan Oromo nouns and adjectives are highly inflected for 

number, gender and person [12]. For instance, in contrast to the English plural marker s (- es), 

there are more than 12 major and very common plural markers in Afan Oromo nouns (example: -

oota, -ooli, -wwan, - lee, -an, -een, -oo, etc.) [13]. On the other hand, Afaan Oromo verbs are also 

highly inflected for gender, person, number and tenses. As a result, the prediction model provides 

word that is grammatically incorrect in a given sequence.  

For example, Jarri dhufaa jira, subject and verb disagree in number. Jarri (they) which is the 

subject of the sentence is plural, and the verb of the sentence jira is the indicator for third person 

singular masculine [11].  
 

In fact, word prediction is facing a very ambitious challenge, as several typical complex problems 

arises when dealing with Natural Language. Similarly, word prediction also inherent amounts of 

arising ambiguities (lexical, structural and semantic ambiguities but also pragmatic, cultural and 

phonetic ambiguities for speech) are complex problems to be solved by a computer.  
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Word prediction for inflected languages pose a harder challenge to prediction algorithms.  Since, 

inflected languages have a large dictionary of word forms with several morphological features, 

produced from a root or lemma and a set of inflection rules.  Accordingly, the large number of 

word forms makes word prediction for inflected languages a hard task. Thus, Afaan oromo shares 

the challenges of inflected language. Afaan Oromo is an agglutinative and morphologically rich 

language; each root word can combine with multiple morphemes to generate huge number of word 

forms.  Accordingly, obtaining all vocabulary that language consist would be difficult since corpus 

for language modeling is not expected to include all words of specific language. For instance, in 

Afaan Oromo for a single verb root word ―beek- ‖ ‗go‘; over 800 valid word forms can be formed    

Thus, Afaan oromo word formation (morphological process) poses other challenge on Afaan 

oromo word prediction model that required to be solved such as out-coverage dictionary and 

grammatical agreement between sequence of words.  

Despite the aforementioned facts about Afaan Oromo language, the model developed by Gudisa 

is found to have different gaps that need to be considered in Afan Oromo word sequence 

prediction. The model fails to consider morphological information, as a result, it is impractical to 

capture all word forms due to the language’s rich morphology.  In order to, bridge this gap a sound 

research has to be conducted. Accordingly, the current researcher is motivated to conduct a study 

to fill the gaps that haven’t been considered in the previous studies.   
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Research Questions 

Based on the statement problem given above, this study attempted to answers for the following 

basic research questions. 

• Does cascading language model with morphological information will improve the 

performance word sequence prediction model? keystroke saving?   

• What is the performance of the word sequence prediction model in keystroke 

saving?   

1.3 Objective of the Study 

This study has both general and specific objectives. 

1.3.1 General Objective 

The general objective of this study is to explore the effect of morphological information in Afaan 

Oromoo word sequence prediction.  

1.3.2 Specific Objectives 

The specific objectives of the study are to:  

➢ Review various approaches on word sequence prediction  

➢ Collect document for training and testing model  

➢ Construct a tagged training corpus with stem forms, aspect, case, tense, voice, number, 

gender and person.  

➢ Construct language models for root or stem forms sequences and root or stem forms 

sequences with morphological features such tense, case, number, gender and person.    

➢ To evaluate the performance of developed word sequence prediction model. 
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1.4 Scope and limitation of the study 

This study was undertaken to construct Afaan Oromo word sequence prediction model based on 

statistical frequency of word sequence and morphological information to explore the effect 

morphological information in Afaan Oromoo word sequence prediction. The corpus for 

constructing language model is collected from Internet using web crawling technique. The 

prediction model is built to predict probably the correct word that respect (obey) syntactically rule 

of Afaan Oromo by cascading the language model with linguistic knowledge extracted by 

morphological analyzer. The linguist information captured by morphological analyzer is used to 

build a tagged training corpus. The morphological analyzer and generator used in this study is 

Hornmorph. However, this research did not deal with errors either in the training corpus or the 

output of Hornmorph program while building the language model. Consequently, to keep the 

consistence of word sequence the words which is not processed by morphological analyzer is taken 

as it is.  Similarly, study did not cover automatic grammar relation finder and checking to remove 

grammatical unacceptable proposed word in prediction list. 

  



 

9 | P a g e  

 

 

1.5 Methodology 

For the successful completion of this study, the following methods were used.  

Literature review  

Developing word sequence prediction model for Afaan Oromoo needs exhaustive understanding 

of the language. The principles and rules of the language in the area of morphology and word 

prediction approaches have been carefully studied.  A various of, resources including books, 

research reports, journal articles, manuals and other published and unpublished documents 

including those from the Internet related to this study were reviewed and synthesized.     

Document collection  

A corpus for this study was collected from web documents from four websites using web scraping 

technique. Additionally, 89 PDF files around 54 MB of size were collected from Internet via 

Google search engine and converted to text file using PYPDF python library.  Totally, 60.6MB 

text collected from https://www.afanoromo.fanabc.com, www.voaafaanoromoo.com,  

www.gadaa.com, https://chilot.me/regional-laws/oromia-nrs-laws/  and Google search result were 

stored on text file format. Thus, the corpus is composed of three genre such as news, blogs and 

academic document. After preprocessing and transformation the size has reduced into 12MB. Out 

of this, training set containing 84,952 sentences which is equivalent to 11.8MB has used to develop 

word sequence prediction model. 

Development Tools 

Hornmorph morphological analyzer and generator program was used to build tagged training 

corpus and to produce surface words. Similarly, to analyze user input words morphological 

analyzer was used. Hornmorph is the only morphological analyzer and synthesizer tool available 

freely for Afaan Oromoo. Moreover, Python programming language was used to develop 

prototype for demonstration. Python is selected because of it has a natural language toolkit module 

that provides a predefined function for the implementation of statistical and linguistic modeling.  

 

  

https://www.afanoromo.fanabc.com/
http://www.voaafaanoromoo.com/
http://www.gadaa.com/
https://chilot.me/regional-laws/oromia-nrs-laws/
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Prototype Development  

To develop prototype, supporting tools are required. Hence, python programming language and 

Hornmorph morphological analyzer and generator program will be used. As previously stated, 

Hornmorph will be used to morphologically analyze collected training corpus. It will also be used 

to morphologically analyze user entered texts from the testing data, so that required features like 

gender, number, and person will be captured and used to generate proposed words in correct 

grammatical form. Python programming language will be used to implement statistical language 

models. As part of the prototype development a user interface will be designed that allows users 

to type their text and choose from the list of suggested words. 

Evaluation 

In order to, demonstrate and evaluate the developed model a Keystroke Saving (KSS) is used. This 

means, the prediction competence is evaluated through calculation of keystroke savings. A 

Keystroke Saving (KSS) estimates saved effort percentage and is calculated through comparison 

of total number of keystrokes needed to type a text (KT) and effective number of keystrokes using 

word prediction (KE) [22].   

𝐾𝑆𝑆 =
𝐾𝐸 − 𝐾𝑇

𝐾𝑇
∗ 100 − − − − − − − − − − − −(1.1) 

 

Therefore, the number of keystrokes to type texts taken from the test data with and without word 

sequence prediction program was counted to calculate keystroke savings accordingly. The 

obtained KSS will be compared for tri-gram, bi-gram and hybrid models. The model that shows 

maximum keystroke saving is considered as better model. 

1.6 Application of Results 

The beneficiaries of this study include researchers who are, or want to be, involved in increasing 

the capability of computer processing in Afaan Oromoo. Specially, this study benefits researchers 

who devoted on Afaan oromo predictive text entry project.  This is because the result of the study 

provides them concrete concept on aspects to be considered to improve keystroke saving and 

reduce cognitive load of writing skill.  
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1.7 Organization of the Thesis 

The rest of the thesis is organized as follows. Chapter 2 discusses literature review on different 

issues in text entry methods and word prediction approaches. Specifically, in this chapter, text 

entry method, history of word prediction approaches and methods are discussed. Chapter 3 is 

devoted to discussing related works done on word prediction developed in different languages. 

Chapter 4 specifies the morphological and phonological properties specific to Afaan Oromoo. 

Thus, many language specific issues such as the writing system, syllable structures, inflections and 

derivations have been extensively presented. Chapter 5 discusses Afaan oromo word sequence 

prediction model. This chapter presents Architecture of the proposed Word Sequence Prediction 

Model and its components with their respective algorithms. The implementation and evaluation 

issues are presented in chapter 6.  Chapter 7 concludes the thesis by outlining the benefits obtained 

from the research work and limitations of the system. It also shows some research directions and 

recommendations that can be accomplished in developing a full-fledged a predictive text entry 

system for Afaan Oromo. 
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 CHAPTER TWO: LITERATURE REVIEW 

 

  Introduction  

This Chapter discusses fundamental concepts of word sequence prediction and concepts related 

with text entry methods. An overview of the existing text entry methods and details of the word 

prediction techniques employed to open new opportunity over existing method discussed in the 

chapter. Since the main target of this study is to design and develop word sequence prediction 

model for Afan Oromo language, the structure of the language is considered besides the statistical 

distribution of words. Thus, the methods and techniques used for dealing with and modeling 

morphological characteristics, grammatical properties and parts-of-speech of the language 

identified and discussed. In order to support selection of tools, methods and techniques with 

justification, word prediction model development approaches in line with their performance and 

language structure will be compared in the literature review. 

  Text Entry Method    

One of the most predominant and necessary techniques used as an interface between human and 

machine is data entry technique that is implemented using input device. This technique is helpful 

to enter different kinds of data such as text, voice, image and movie to the machine in order to get 

them processed. There are a number of data entry techniques and methods; these include: speech 

recognition, keyboards, handwriting recognition, scanner, microphone and digital camera. 

Text entry method is the abstract description of how to accomplish text data entry. A text entry 

system is a concrete implementation of a text entry method. Keyboard is a common text input 

technique in devices like desktops, laptops and other hand-held devices [1]. Keyboards are pure 

selection interfaces. The user is presented with a matrix of keys which he or she can select 

sequentially to produce the text. There are two kinds of keyboards: virtual and standard keyboards. 

Virtual keyboard or on-screen keyboard with touchscreen is the most commonly used text input 

method on mobile phones.  
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The design for desktop computer’s keyboards has been inherited from the typewriter character 

layout called QWERTY. This layout was invented to solve the mechanical jamming of the key 

and to provide high entry rate with low error rate via the assumption that the probability of two 

neighbor characters arranged in alphabetical order pressed correspondingly to form a word is very 

low.  The QWERTY layout actually makes pretty good use of the human hands. While one finger 

is pressing a key, others can prepare for their work by moving over the following keys.  It is fast 

and error free for many practical purposes. Although QWERTY layout is claimed as fast and error 

free, experiments show that keyboard layout is determined by writing system of a given language. 

Consequently, QWERTY is the most commonly used layout for Latin scripts. However, AZERTY 

layout is used for France scripts. In this layout A and Z replace Q and W of the QWERTY layout. 

Similarly, in Germany scripts Y is replaced by Z and gives the QWERTZ layout as, for instance, 

Amharic language requires combination of two or more keys to represent one letter in a language 

[1][2]. 

 

Similar to the structure of language, the degree of motor ability of user also determines the layout 

and the structure of keyboard. People with motor disabilities frequently experience difficulties 

using a standard keyboard. In response to this factor, Half – QWERTY keyboard was developed 

to support the individuals typing with only one hand [1] [4]. 

Many assistive technology and text entry method was developed with the aim of improving 

comfort of user, reducing time taken and supporting people with disability. Now day’s a desktop 

computer without an actual keyboard have also been constructed; it is operated by sensing the 

finger movements by some other means such as cameras or pressure sensors, or the typing can 

occur without any visual guide. Trackball with on-screen keyboard, Touch Screen with the use of 

on-screen keyboard and other methods are also developed as alternative text entry [4][6]. 

Although many improvements are made by rearranging keyboard layout to reduce the distance 

between letters, they are limited to support speedy typing, spelling error detection and assisting 

people with disability. For instance, one of the methods to assist people with motor limit is by 

using assistive devices that reduce motor cost [16].  Although these assistive devices render 

computers accessible to people with disabilities, the actual inputting of text can be very slow. 

 

In general, the text entry methods described above are called manually text entry methods. 

Manually text entry method does not include the language related issues of syntax, and neither is 



 

14 | P a g e  

 

the issue of semantics in the text entry.  This means the method does not assist a way to deal with 

spelling, grammar and semantic errors of the sentences.  Accordingly, the users are expected to 

have proper skills of the language; in addition, the users need to possess the experience of speedy 

writing [1]. 

  Writing Aid  

Word processors have several capabilities that may influence the writing process. A word 

processing application assists beyond basic processing input captured for the text entry devices 

including: spelling checkers, speech synthesis, word prediction, grammar, and style checkers. 

They can support the basic skills of producing legible texts with correct mechanics [14] [15]. In 

this regard, Charles A. MacArthur has undertaken a research entitled, “Using Technology to 

Enhance the Writing Processes of Students with Learning Disabilities”. The researcher reviewed 

and evaluated the ways that computers can support writing for the students with learning 

disabilities, with an emphasis on applications that go beyond word processing. He discussed basic 

components of word processing applications which could enhance students’ writing. These basic 

components are spelling checker, speech synthesis, grammar checker, word prediction, and style 

checkers.  The experiment was conducted on twenty-six motor limited students from middle school 

who were randomly selected and instructed to write stories and revise their spelling using a spelling 

checker. The findings of the experiment indicated that the students were able to correct 82% of the 

errors with correct suggestions and 18% of the errors when the correct suggestion was not offered 

[14].   

 

Another writing aid used in word processing is Speech Synthesis Software. The speech synthesis 

software translates text into speech. It is not as natural-sounding as digitized speech, which is 

recorded, but its advantage is that it can be used to utter any text. Word processors with speech 

synthesis enable students to hear what they have written and to read what others have written. This 

technique may support writing by allowing users with writing problems to use their general 

language sense to monitor the adequacy of their writing. Word prediction and a bank of words 

provide vocabulary to enhance the use and appropriate selection of words.  Word prediction is 

common technique for assisting physically disabled individuals by reducing the number of 

keystrokes required to type words and sentences [14] [16]. 
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  History of Word Prediction  

The inception of the concept of word prediction takes us back to the end of the Second World War 

when the number of people with disabilities was increased dramatically. In order to help them to 

communicate with outside world, assistance technologies such as Augmentative and Alternative 

Commination systems were developed. The field of Augmentative and Alternative 

Communication (AAC) is concerned with mitigating communication barriers that would isolate 

individuals from society.  Basically, one way to improve communication rate is to decrease the 

number of keys entered to form a message, and the goal of saving keystroke requires estimating 

the next letter, word or phrasing that likely follow a given segment of text. As a result, early 1980’s 

word predictions techniques have been established as a method in the development of AAC 

systems [17] [18]. Since 1980s, many systems with different methods were developed for different 

languages. According to Shannon, human languages are highly redundant, and these redundancies 

can be captured in language models. To this end, the goal of language modeling is to capture and 

exploit the restriction imposed on the way in which word can be combined to form sentences. It 

describes how words are arranged in natural language. Word predictions are also applied in 

language modeling application to guess the next word given in previous words [7] [8] [18].  

 Terminology of word prediction  

Prediction refers to those systems that guess which letters, words, or phrases are likely to follow 

in a given segment of a text. The systems typically operate by displaying a list of the most likely 

letters, words, or phrases for the current position of the sentence being typed by the user.  As the 

user continues to enter letters of the required word, the system displays a list of the most probable 

words that could appear in that position. Then, the system updates the list according to the sequence 

of the so-far entered letters. Next, a list of the most common words or phrases that could come 

after the selected word would appear. The process continues until the text is completed. The notion 

of prediction can be seen in three phrases. These are: letter prediction, word prediction, and 

sentence prediction.     

 

Letter prediction is a text entry technique commonly used into recent technologies such as cell-

phones and PDAs. Letter prediction could be used as an aiding tool to enter a text on Short Message 

Service (SMS), to chat on Instant Message, and to write an email. Most of these devices could not 

have a single key for a letter. So, a text should be entered with a limited number of keys. For 
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instance, in cell-phones, a text is written with only 9 keys on the phone. This means that a key 

should carry three or four letters. The reduced keyboard makes it hard for the user to enter a text; 

so, the letter prediction method would be an efficient way. The reason to have such a system is 

that the user will need to press only one key for each character on the mobile phone. As a result, 

prediction techniques are used to disambiguate three of four letters in a single key. It considers the 

letters probability to disambiguate letters on one key.  Since disambiguating of letters are based on 

the already entered characters and not on the lexical dictionary in itself, as a result the method 

needs a small amount of memory and it is much easier to enter new words [10] [18]. 

Word prediction guess the words that the user intends to use. These words are suggested in a list 

to the user that might be used in that position. If the required word is not available among options 

offered in prediction list, a user may continue writing. Differently from letter predictors, word 

predictors typically make use of language modeling techniques, namely stochastic models and 

linguistic knowledge that are able to give context information in order to improve the prediction 

quality. Most of the literature related to word prediction concerns non-inflected languages. 

Language Models and prediction techniques are presented that allow the user to save more than 

50% of keystrokes. The language that the system has to model influences the prediction 

techniques; inflected languages pose a harder challenge to prediction algorithms, since they have 

to deal with a usually high number of inflected forms that dramatically decrease Keystroke Saving 

[10] [ 9].  

 

Sentence prediction estimates a sequence of words to complete a sentence given initial fragment 

text. It provides user a list of possible sequence of words to complete a sentence.  Given an initial 

text fragment, a predictor that solves the sentence completion problem has to estimate the entire 

remaining words based on the sentence that the user frequently constructs.  As a result, it supports 

writing task where user is engaged in writing the sentence which is same with the sentence they 

construct before. It assists writing in applications with repetitive tasks such as writing emails in 

call centers or letters in an administrative environment [24] [23]. Information retrieval techniques 

is a common method used for developing sentence prediction that involves finding, in a corpus, 

the sentence which is most similar to a given initial fragment. Information retrieval aims to provide 

methods that satisfy a user’s information needs. Here, the model has to retrieve the remaining part 

of a sentence. Research approach is to search for the sentence whose initial words are most similar 

to the given initial sequence in vector space representation. The similarity between two vectors is 
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defined by the cosine measure.  The drawback of sentence prediction methods is the amount of 

text needed to train the model. Training corpus has to be large enough [23]. As the current study 

strives to conduct a study on word prediction for Afaan oromo the different approach of word 

prediction is discussed succinctly.  

 Approaches for word prediction  

According to Ghayoomi and Momtazi [18] word prediction method that used for modeling nature 

language since 1980s would general classified into three approaches.  These three major 

approaches are described: statistical modeling, knowledge-based modeling, and heuristic 

modeling (adaptive) [9] [18]. 

 Statistical approach  

Traditionally, predicting words has solely been based on statistical modeling of the language. In 

statistical modeling, the choice of words is based on the probability that a string may appear in a 

text. Consequently, a natural language could be considered as a stochastic system. Such a modeling 

is also named probabilistic modeling. The statistical information and its distribution could be used 

for predicting letters, words, phrases, and sentences.  Several prediction systems use some form of 

statistical analysis, examining the likelihood of certain words being used in a sentence. Word 

frequency and word sequence frequency are commonly used methods in statistical prediction. 

Most current statistical word prediction is made based on Markov assumption in which only last 

n-1 word of the history affects succeeding word and it is named n-gram Markov model. Thus, it is 

based on learning parameters from large corpora. There are several approaches and methods to 

statistical prediction and each of these is discussed in this section. 
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Word frequency  

The early predictive systems specially the ones which were used as a writing aid tool in the 1980s, 

used merely the frequency information of each word independently to complete a word in the 

current position of a sentence being typed by the user without considering the previous context 

(the history). In other words, the systems used unigram word model with a fixed lexicon. Such 

systems always come up with the same prediction suggestions for a particular word. Since solely 

independent statistical information has been used in this model, most of the time the suggestions 

might be inappropriate [25].  

Word frequency method applied in various word prediction approaches.  For instance, one simpler 

approach is fixed lexicon, this approach sorts the complete lexicon into their frequency order, and 

offers the few at the top of the list to the user as predictions. If the prediction that is required does 

not appear on the list straight away then the user types in the first letter. The list is then reduced to 

only those words, which have the initial letter just entered, and again, the top few are offered as 

predictions. This process continues until either the word has been spelt out in its entirety, or it has 

appeared on the prediction list, at which point the user can add it to the sentence in whichever way 

is made available to him by the device [10]. 

Other approach is an adaptive lexicon, which alters the frequency tags attached to the words 

contained in the dictionary as the user constructs sentences. These provide an indication of how 

recently a word has been used as this will increase the likelihood of it being used again. In a similar 

manner to the fixed lexicon, the adaptive lexicon can provide statistics of words independently of 

each other, paying no attention to preceding words. The only difference is that each time a word 

is used; its frequency and recency will be updated and stored in the dictionary for later reference. 

If a new word is encountered during a session, then it is added to the lexicon with a frequency of 

one but a high recency, so that when it is used again, it will appear acceptably high up the prediction 

list [10] [9]. 
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Word sequence frequency  

Using the frequency of one single word or unigram word model for early systems, it was clear that 

some of the suggestions are not appropriate in that position of a sentence; suggestions will be better 

if context or history of words is taken into account. This means word sequence history would 

provide a clue for appearance of the next words.  Nevertheless, in most case, it is difficult to 

calculate the probability of entire sequence. Based on Markov assumption in which only last n-1 

word of the history affects succeeding word. Two common statistical models those provide a 

compatible technique to compute probabilities of next words though Markov model are N-gram 

and HMM [25] [24]. 

N-gram Language models 

N-gram language models are the most well-known type of language models in speech and 

language processing. They are important tool in NLP tasks for those requires identifying noisy 

ambiguous words input.  Thus, N-gram language models have dominated the speech recognition 

area for years due to their simplicity, efficiency and robustness [26]. On other hand, in Handwriting 

recognition it plays vital role for estimating confusable and unreadable letters and words [2] [7].  

In general, besides these sample areas, N-grams are also crucial in NLP foundations like art-of-

speech tagging, natural language generation, and word similarity, as well as applications from 

authorship identification and sentiment extraction to predictive text input systems for cell phones.  

N-gram approximate the probability of a word sequence as a product of conditional probabilities 

of the current word wi given a history of the preceding n− 1 words. The order of an 

n-gram model refers to the value n, where n is the number of words used in the probability 

sequences. 

𝑃 (𝑊 =  𝑤1, 𝑤2. . . , 𝑤𝑛)  = ∏ 𝑃(𝑤𝑖|𝑤𝑖 − 𝑛 + 1, . . . , 𝑤𝑖 − 1),𝑛
𝑖=1 ……………………… (2.1) 

According to Maximum Likelihood Estimation the n-gram probability is the relative frequencies 

of wi−n+1,wi to wi−n+1,..,wi−1 in the training data. 

  

 P(wi|wi−n+1,...,wi−1)   = 
𝐶(𝑤𝑖−𝑛+1,...,𝑤𝑖−1,𝑤𝑖)

𝐶(𝑤𝑖−𝑛+1,...,𝑤𝑖−1) 
 -----------------------------------------------------(2.2)           

where C(wi−n+1,...,wi−1,wi) is the frequency count of the string wi−n+1,...,wi−1,wi in the 

training data. 
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Bigram and Trigram 

Bigram and trigram are the most successful form of N-gram method in that predictor engine 

considers only the probabilities of a given previous one or two words in the sentence. A lexicon, 

which stores the probabilities of word-pairs, is known as a bigram. One, which uses word-triples, 

is known as a trigram.  In fact, it is possible to extend the number of words in probable sequences, 

but the combinations will become unmanageable. High order N-gram is employed to narrow down 

the „envelope‟ of words from which the system can make its choice. Thus, the use of this technique 

embodies the syntax and context of a given topic of discussion without having to directly address 

any specific problems of either. On other hand as the order of n-gram increased large training set 

is require maintaining the performance [10] [27]. 

Drawback of N-gram  

N-gram language model of Markov models or assumption is insufficiency for prediction since 

linguistic information and proficiencies has long distance syntactic dependencies. According to 

Chomsky English cannot be modeled by a Markov chain because of long distance syntactic 

dependencies. On other hand the probabilities of an N-gram come from the corpus it is trained on. 

Thus, it is very dependent on the training corpus. Training corpus has to be large enough to ensure 

that each valid word sequence appears a relevant number of times. N-gram language models are 

challenged by data sparseness, and by cross-domain brittleness, the effectiveness of an n-gram 

prediction model is highly dependent upon the size of the training text. Since the accuracy of n-

gram prediction methods is highly dependent upon their statistical reliability, the effect of training 

text size on performance. The great amount of computational resources is needed especially if the 

number of words in the lexicon is big [ 28] [27].  
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 Knowledge Based Word Prediction 

Word prediction systems that merely use statistical modeling for prediction often provides words 

that are syntactically, semantically, or pragmatically inappropriate in a given context. As a result, 

they impose a heavy cognition load on the user to choose the intended word. Consequently, its 

shortcoming is reducing the writing rate. Omitting inappropriate words from the prediction list and 

providing orthographical assistance would give more comfort and confidence to the user. 

Pertaining to the linguistic knowledge that could be used in prediction systems would be discussed 

below [ 25] [29]. 

Syntactic Prediction 

Syntactic prediction is a method that tries to present words that are appropriate syntactically in that 

position of a sentence. Some of these systems consider part-of-speech tag information of words as 

syntactic information, while others use a parser to build the syntactic structure of the whole 

sentence. Regarding this, statistical syntax and rule-based grammar are two general syntactic 

prediction methods [30] [29].  

Statistical Syntax 

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 one or more 

words. This means the appearance of a word in this method is based upon the correct usage of 

syntactic categories. In other words, the Markov assumption about n-gram word tags is used.  In 

the simplest method, the POS tags are sufficient 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 regarding the most probable tags for the previous words [9].  

 

In another approach, the predictor tries to estimate the probability of each candidate word 

according to the previous word and its POS tag, and the POS tag of its preceding words. 

In other words, the system uses word bigram and POS trigram model. A linear combination model 

of POS tags tries to estimate the probability of POS tag for the current position according to the 

two previous POS tags. Then it attempts to find words that have the highest probability of being 
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in the current position according to the predicted POS tag. Then, it combines this probability with 

the probability of the word given the previous word. So, there are two predictors in which one 

predicts the current tag according to the two POS tags and the one that uses bigram probability to 

find the most likely word [ 25]. 

In general, statistical syntax prediction employee the Markov assumption about n-gram methods 

that can be used to obtain statistical knowledge about the syntax using one the methods like POS 

tags only, previous word and two previous POS tags, and linear combination 

In rule based grammar approach, syntactic word prediction would be made by using the 

grammatical rules of the language. A parser will parse the current sentence by using the grammar 

of the language to reach to its categories. The parsing method can be either top-down or bottom-

up. Phrase Structure Rule Grammar (PSRG), Context Free Grammar (CFG), and Head-driven 

Phrase Structure Grammar (HPSG) are the methods that could be used in prediction systems based 

on grammatical rules. 

Semantic Prediction 

Naturally, in every language, language items which are syntactically correct may be semantically 

incorrect. Thus, some of the predicted items in the prediction list could be wrong semantically 

even though they are syntactically right. So, suggesting the words that are syntactically and 

semantically correct would increase the accuracy of the predictions. To attain this goal, a great 

semantic knowledge is tagged to the words and phrases in a corpus. Mostly in semantic prediction 

appearance of specific word with special content is a clue to increase the probability of appearing 

other words that have semantic relationships to that word [25].  
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 Heuristic Modeling  

To make predictions more appropriate for a specific user requires systems that learn from users’ 

writing activities. This approach tries to get adapted the system to every individual user.  A word 

prediction system intended to support writing especially on mobile phone and other handheld 

devices are commonly used adaption method. This approach is based on the assumption users 

dictionary is limited; they used some word frequently rather than using new word.  Thus, it 

provides an indication of how recently a word has been used as this will increase the likelihood of 

it being used again. 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 [10] [25] [31]. 

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.  

 

Recency Promotion is a one short learning method that emerged from the cognitive psychology 

concept. This is based word that has already occurred in a text will be given a higher probability 

of use; thus, more likely to be used in that text again. Such a method usually assigns dynamically 

higher probabilities to the words that recently are used in the text; so, it does not only take into 

account what words have been typed; but further, how recent they have been used [23]. 

  

Topic Guidance approach is a way of adapting the predictor to the overall subject of the current 

text. To do so, the general lexicon is complemented with a domain specific lexicon that contains 

words which are frequently occurring within certain domains, though not very common in general 

[ 25] 

N-gram Cache is other short leaning approach, based on the assumption that if a word is used once, 

it is more likely to be used again. In other words, the previous use of a word in a context increases 

the probability of that word to be used again. Using n-gram cache is a way to capture the most 

common words and sequences that are frequently used. These words would be put in the cache to 

get an increased probability. 
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Long term learning  

In long term 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. Some of the methods for heuristics adaptations that are language 

specific are adding new words, automatic capitalization, providing inflected form of words, and 

compounding [25]. 

 

 Adding New Words is long term learning method mostly used for adding unknown word to 

dictionary. It adapts unknown words to the lexicon of the system whenever the user types unknown 

words to the system. The added new words could be called in the prediction list for future use. 

Thus, it provides a technique to outclass the problems of lexicon coverage [ 30]. 

 

Other long term learn method is called Automatic Capitalization. Depending on the language that 

the system is running for, some letters should be capitalized. For example, the first letter of a word 

at the beginning of a sentence and also proper words must be capitalized. Automatic capitalization 

allows the user to save more keystrokes [23]. 

 Word prediction for inflected language  

Word prediction is facing a challenge, as several typical complex problems arises when dealing 

with Natural Language. The inherent amounts of arising ambiguities not only lexical, structural 

and semantic ambiguities but also pragmatic, cultural and phonetic ambiguities for speech are 

complex problems to be solved by a computer. Especially for inflected language, as language that 

the system has to model influences the prediction techniques; inflected languages pose a harder 

challenge to prediction algorithms.  

 Word prediction is a challenge for inflected languages, that is languages that have a large 

dictionary of word forms with several morphological features, produced from a root or lemma and 

a set of inflection rules.  The large number of word forms makes word prediction for inflected 

languages a hard task. Since it requires dealing with a usually high number of inflected forms that 

dramatically decrease Keystroke Saving [30].  
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Dictionary coverage is another dominant factor affecting prediction word especially for inflected 

languages. Typically, for inflected languages obtaining all vocabulary that language consist would 

be difficult since corpus for language modeling is not expected to include all words of specific 

language.  Thus, inflected language poses other challenge on word prediction that required to be 

solved such as out-coverage dictionary. 

In practice, it is possible to incorporate some syntactic and semantic information due to the 

dependencies between words that are captured and estimated by n-grams words models; usually, 

as the vocabulary size is very large. Although, n-gram models of words particularly trigram have 

been used successfully for many NLP tasks but they suffer the well-known drawback of being 

inadequate for inflected languages since the parameters space becomes too wide, both for the 

vocabulary size and the training corpus.  

Many researches efforts have been experimented and several core NLP tasks have been employed 

for improving the performance of prediction model for inflected language including Language 

Modeling, Part-of-Speech (POS) Tagging, Parsing and Lemmatization. Thus, different new 

models where introduced with the purpose of reducing the parameters space of inflected language.  

Some researches explored a model that enables the n-gram model making use of n-grams of Part-

of-Speech: via a linear combination POS trigrams and simple word bigrams the context is forced 

into an equivalence class determined by a function. 

                         

𝑃𝑟(𝑊𝑖|𝜑[𝑊𝑖 − 𝑛 + 1, … , 𝑊𝑖 − 𝑛 + 1]) 

Part-of-Speech tags are considered as function ϕ to restrict exponential increase of the context. 

Such tags capture many different word forms, so contextual dependencies are represented in 

smaller set of n-grams. Using POS tags, a larger surrounding information may be taken into 

consideration but there is a loss in semantics since different words may be captured in one 

word class and tags only inform about sequences of words classes and not which particular word 

is typically connected with previous words or words classes. This technique also claimed as it 

limited to grant a lexical coverage. 

To simplify the task of predicting the correct form, some techniques provide a two-step procedure, 

choosing first only among word “roots”, and proposing all the possible word forms only when the 

user selects a root [9]. Instead other researches provide a one-step procedure, by considering Part-

of-Speech (POS) and related morph-syntactic information to provide the user a list of word forms. 
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This method employed a large morpho-syntactic tagged corpus to train the language model and a 

Part-of-Speech tagger that annotates on-the-fly words with their POS and related morpho-syntactic 

information. This procedure enriches the language model with deep morphological information 

and combined it with on-the-fly POS tagging that enables a model to boost performances, cutting 

off of the prediction list all words whose gender, number, tense or mood are not consistent with 

the sentence context [29].  

 Performance measurement for word prediction system 

Word prediction is an application of language modeling to speeding up text entry. Word prediction 

enhances text entry rate by reducing the number of keystrokes required to produce a message. 

Thus, as the goal of word prediction systems is to reduce the number of keystrokes, the primary 

metrics for evaluation of word prediction is keystroke saving (KS). The common trend in research 

is to simulate a “perfect” user that will never make typing mistakes and will select a word from 

the predictions as it appears without use of backspace and edit the word. Keystroke saving is 

calculated by comparing the total number of keystrokes needed to type the text without the help of 

the word prediction and the effective number of keystrokes saved using word prediction. A higher 

value for keystroke saving implies a better performance.  [22] [32] 

KS = 
𝐾𝑒𝑦𝑠 𝑛𝑜𝑟𝑚𝑎𝑙−𝑘𝑒𝑦𝑠 𝑤𝑖𝑡ℎ 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛

𝑘𝑒𝑦𝑠 𝑛𝑜𝑟𝑚𝑎𝑙 
∗ 100% 

Keystrokes until Completion (KUC) is another metrics to evaluate word prediction systems. It 

computes the average number of keystrokes that a user enters for each word before it appears in 

the prediction list.  Being c1 . . . cn the number of keystrokes for each of the n words before the 

desired suggestion appears in the prediction list. Lower value of KUC shows better performance. 

KUC = 
𝑐1+𝑐2+𝑐3

𝑛 
 

 Hit Rate (HR) is word sequence prediction measuring metrics. It is defined as the percentage of 

correct words that appear in the suggestion list without entering any letter of the following word. 

In other words, it is the relation between the number of times that a word is guessed and the number 

of written words. The higher hit rate implies a better performance. 

Accuracy is also metrics to evaluate word sequence prediction. It calculates the percentage of 

words that have been successfully completed by the program before the user reached the end of 

the word. A good completion program is one that successfully completes words in the early stages 

of typing. 
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 CHAPTER THREE: RELATED WORK 

Word prediction is one of the most popular research areas in Augmentative and Alternative 

Communication (ACC) and writing aid via the application offered from the field of natural 

language processing. Many researches have been conducted for different languages using different 

approaches. Most of them have employed statistical approach of the development of language 

model. And other researches have employed statistical approach with linguistics knowledge of the 

language to improve the performance of word prediction models. The next section presents word 

prediction studies conducted for both inflected and non-inflected language with regard of the 

works those systematically studied to look for the best approach for Afan Oromo language 

 Word Prediction for Asia Languages 

 Automated Word Prediction in Bangla Language Using Stochastic 

Language Models 

Haque and Habib [33] studied word prediction on Bangla language using N-gram language model 

such as unigram, bigram, trigram, deleted Interpolation and back-off models for auto completing 

a sentence by predicting a correct word in a sentence.  The corpus of 0.25 million words containing 

14,872 word forms from Bangla newspaper called as “Prothom Alo” was constructed for the study. 

The prepared corpus was divided in to training and test set: two-thirds for training and one-third 

for testing.  In order to avoid model over fitting problem, such as training error and generalization 

error, holdout method was used as validation set. In accordance, the original training data split into 

two subsets with two-thirds of the training set for model building while the remaining one-third 

was used for error estimation.   

Finally, N-gram model of word prediction was constructed using unigram, bi-gram and tri-gram 

by counting frequencies of words in a training corpus. To solve the problem of zero sentence 

probability, they applied back-off and deleted interpolation model. In the back-off method for a 

trigram model, the word sequences will follow trigram probabilities at first; if it could not match, 

then word sequences will follow bigram model; if it also could not match, then word sequence will 

follow unigram model and predict at least a word.  

The deleted interpolation algorithm combining different N-gram orders by linearly interpolating 

all three models when they are computing any trigram. The findings of the study showed that 
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language models have performed almost in the same trend-line. The Bigram model performed 

modest; whereas the unigram model performance was very poor. The average accuracies of models 

were 21.24%, 45.84%, 63.04%, 63.50% and 62.6% for Unigram, Bigram, Trigram, Back-off and 

Delete interpolation respectively [33].   

 A Stochastic Prediction Interface for Urdu 

Qaiser Abbas [34] conducted research entitled “A Stochastic Prediction Interface for Urdu” to 

develop a model that predict word like t9 and a sequence of word. The research was aimed to 

extend the application of t9 by addressing the limitation of t9 that only predict a word after typing 

initial characters. The researcher assumed prediction Suffix Tree (PST) is the best strategy for 

prediction. But due to non-availability of resources, he decided to move into consecutive steps and 

as a first step; the N-gram approach has been adopted in the construction of PST model.  Thus, the 

N-gram models were developed using unigram model used for T9, and bigram and tri-gram models 

were used for word sequence prediction. 

Unigram model was trained on a merged corpus of 5000 most frequent words of Urdu collected 

from a 19.4 million words corpus and other corpus containing 1 million words. These two different 

corpora were merged to build a sufficient amount of data. In contrast of the unigram, only 1M 

portion of the corpus was used for bi-gram and tri-gram models because the document of 5000 

most frequent words contained only the unique unigram counts and no any raw text of Urdu. In 

general, all models were constructed from corpus that was divided into training and the test data 

individually according to the standard division of 80% and 20% respectively. Then from both 

training and test data 10% and 50% were respectively reserved for a held-out data for an 

experimental purpose.  

The performance of the models was evaluated using percentage of keystrokes 

saved, keystrokes until completion and a percentage of time saved during the typing. Two different 

performance evaluations were performed on unigram, bigram and trigram models with respect to 

parameter L, which is the length of the predicted text in characters including the typed keystrokes. 

These evaluations were performed on different lengths ranging from 15 to 50.  

Firstly, the performances of the models were evaluated on the test sets. Thus, the experiment result 

showed that 52.77% average KS was gained with unigram model when l is short, but the result 

decreased as l length increased. On the other hand, bi-gram model scored the average KS of 
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34.61%. While 7.8% and 26.23% were gained using KUC and WTS respectively when l was short, 

but it increased as l became long. Similarly, trigram model gains better performance when the 

desired text becomes long. Secondly the performances of the models were evaluated with the 10% 

held out data. The models trained on the training and the held-out data sets. The models predicted 

almost equal in case of unigram, bigram and trigrams when the length L is kept less than or equal 

to 20. However, when the length of text was raised beyond 20, then it started very rapidly [34]. 

 Probabilistic Analysis of Sindhi Word Prediction using N-Grams 

Mahar and Memon [35] conducted a research on word prediction model based on statistical 

method for Sindhi language. They identified Sindhi language is highly homographic language and 

text is written without diacritic symbols, which is a challenge for word prediction task. The 

proposed method to develop the prediction model was using three N-gram models i.e. bigram, 

trigram and 4-gram. The corpus for their study was collected from different sources like 

newspapers, magazines and books from Internet. And those documents had different genre arts, 

sports, politics, environment and music. The corpus containing 3 million tokens were divided into 

training set containing 2924967 word tokens and 338831 word types and test set containing 

135362 word tokens and 26426 word types. As the documents were collected from different 

sources having different file format, they observed spelling error and the absence of short vowel 

symbols during file conversion process. Thus, they corrected those mistakes manually. N-gram 

models of bigram, trigram and 4-gram were employed to estimate the probability in given history 

of words. Then the models trained on training set by counting and normalizing it using Add-one 

smoothing technique to assign non-zero probabilities to all N-grams having zero probabilities.    

After that, they conducted experiment on test set through randomly selection of sentences from 

corpus. Then, to evaluate the three n-gram models, they applied n-gram grammars and each n-

gram results stored on separate database. Finally, every N-gram models were compared in terms 

of accuracy to find out which model was more suitable for test set of the language by using 

perplexity. The experiments’ result on test corpus indicated that the 4-gram model was suitable for 

Sindh language as the 4 –gram had lower perplexity value than other N-grams [35]. 
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 Word Prediction for European Languages   

         Context based word prediction  

Agarwal and Arora [20] conducted research entitled “Context based word prediction for 

texting or language” for mobile phones that assists SMS (Short Message Service) compose in 

order to predict the most appropriate word for a given code (On a phone keypad, multiple words 

are mapped to same numeric code). They proposed a Context Based Word Prediction system for 

SMS messaging in which context was used to predict the most appropriate word for a given code. 

They also extended this system to allow informal words (short forms for proper English words). 

The mapping from informal word to its proper English words was done using Double Metaphone 

Encoding based on their phonetic similarity. During the study, three random variables namely the 

code, word and its POS were used. Context-based word prediction system for formal languages 

was developed by Graphical Model using bi-gram (Model-I) and Graphical Model using HMMs 

(Model I, II, III). Model-I and three models for HMM were used on the informal data. The 

experiment for formal language was conducted by using 19,000 emails for training and 1900 

emails for testing purpose. The results of the experiments were evaluated by using the average 

error rate of each model in relation to the average error rate of the frequency based approach. As 

a result, the average error for Model-I (first model) was 5.54%, for HMM-I 6.69%, for HMM-II 

11.97%, for HMM-III 8.05% and for Frequency based prediction the average error was 8.04%. 

Comparing to frequency-based method, the average error rate was reduced for the first model, 

Model I and HMM- I model by 31% and 16.8% respectively. On the other hand, the error for 

HMM-II was greater than the frequency-based approach by 39% while the error rate for HMM-III 

model was almost alike to the error rate for frequency-based approach. SVM was assessed in order 

to test how it performs in classifying words for a given code. So, it was tested on 10 codes, referring 

to few very frequent English words. The result of SVM was also compared with frequency-based 

approach and first graphical model, Model-I based on the selected words. As a result, the average 

error for SVM was reduced by 18.62% as compared to the frequency-based method, hence; SVM 

performed better. The average error for Model-I was reduced 35.75%.as compared to SVM. At 

this point, Model-I perform better over SVM. Informal language models the dataset that consists 

of 850SMS messages was used. On the informal data, Model-I and three models for HMM were 

tested. Among these models, Model-I performed the best for informal language by reducing the 
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average error by 22.33% as compared to the frequency-based model. The researcher concluded 

that the performance of the Context Based Word Prediction system was better than frequency 

based method. For the problem identified, the combination of SVM and HMM model (SVMHMM) 

used for sequence tagging was identified was unsuitable due to the large number of classes. Then 

researcher suggested that the bi-gram model used in graphical model performs better than others. 

[20] 

 Effects of N-gram Order and Training Text Size on Word Prediction 

In article entitled “Effects of n-gram order and training text size on word prediction”, Lesher [36] 

studied the impact of N-gram order and training corpus size on the performance of word prediction 

regarding keystroke saving.  The purpose of the study was to quantify the impact of adopting 

higher-order n-gram model that rely upon increased word context. Additionally, it explored the 

dependence of performance on the size of the corpus used for statistical language modeling. 

Training corpus of the study was constructed by equally combining text blocks from the Brown 

corpus, the LOB corpus, and a collection of Time Magazine articles. All headings and formatting 

directives were removed from the training texts. As a result, comprehensive n-gram statistics were 

automatically generated and stored for each training set. Finally, twenty-one experimental 

conditions were established by combining three different N-gram orders (unigram, bigram, and 

trigram) with each of the 7-training set. 

The performance of the models was evaluated over seven test sets: each test set having more than 

2500 words.  However, the content of the testing was independent from that of the training set, 

taken from the researcher’s previous word prediction study corpus.  Training and test data set had 

different genre and writing style. For each experimental condition, the seven testing sets were 

independently generated using a 54 key QWERTY keyboard supplemented by a 10-word 

prediction list accessed using the F1 through F10 keys. After that, keystroke savings were 

computed for each testing set based on the numbers of keystrokes used to produce that text with 

and without prediction enabled, as keystroke savings were averaged across testing texts to provide 

a single performance measure for each condition.  

The result of experiment showed the average keystroke saving for unigram, bigram, and trigram 

models increase as the number of words in the training set increase. The Performance of the model 

increased when training text size increased, irrespective of the n-gram order. However, for a given 
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training text size, keystroke savings also increased steadily with higher n-gram orders. The 

increment was much more marked for trigrams with 7.5% keystroke saving while unigram limited 

to 4.5 % keystroke saving. A large jump in keystroke savings was realized while moving from 

unigram to bigram model with 6.4% points at 3 million words, reflecting the transformation from 

context-insensitivity to context-sensitivity. The performance gained in moving from bigram to 

trigram models was considerably less dramatic with 0.8% variation, although the difference grew 

for larger training set [36].  

 Advances in NLP applied to Word Prediction 

Aliprandi and Carmignani [30] conducted a research on word prediction for inflected languages, 

particularly for Italian language.  They presented the limitations of statistical techniques for 

inflected languages, languages that have a large dictionary of word forms with several 

morphological features, produced from a root or lemma and a set of inflection rules. Thus, inflected 

languages pose a harder challenge to prediction algorithms since they had to deal with a usually 

high number of inflected forms that dramatically decrease Keystroke Saving. To outclass this 

problem, they designed a word prediction system called FastType.   

FastType was based on combining statistical method with Part-of-Speech (POS) and related 

morph-syntactic information to provide a one-step procedure.  Thus, the model suggests a list of 

word by considering words whose gender, number, tense or mood that are consistent with the 

sentence context.  

The user interface, predictive engine and linguistic resource were main components of the 

FastType system. The Prediction Engine was the kernel of the Predictive Module. That manages 

the communication with the User Interface, and it predicts a list of words by assuring the agreement 

between gender, number, person, tense and mood with the syntactic sentence context.  In general, 

Predictive Module provides core functionalities, such as the morph-syntactic agreement and the 

lexicon coverage, efficiently accessing the Linguistic Resources. 

 Language model was developed from POS n-grams and Tagged Word n-grams.  The prediction 

algorithm based on Linear Combination algorithm combined POS n-gram models with tagged 

word n-gram models. A word and POS bigram and trigram models had trained corpus created from 

newspapers, magazines, documents, commercial letters and emails. 
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Keystroke saving (KS), Keystroke until completion (KUC) and Word Type Saving (WTS) are 

three parameters used to evaluate the system. The researchers indicated that 40 texts disjointed 

from 35 training set were used for testing. However, the size or number of words available in the 

testing data was not clearly specified. The result shows 51% keystroke saving, which is 

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 [30].  

 Word prediction for Ethiopian languages 

In our country’s context, so far researches on word prediction were conducted for Amharic and 

Afaan Oromo languages. Nesredin Suleiman [2] and Tigist Tensou [9] have conducted research 

on Amharic word prediction. On the other hand, Gudisa Tesema [10] made the first attempt to 

design and develop Afaan Oromo word prediction on mobile phone 

 Word Prediction for Amharic Online Handwriting Recognition 

Nesredin Suleiman [2] conducted a research on word prediction for Amharic online handwriting 

recognition.  The researcher interested to explore the hypothesis that speed of data entry can be 

enhanced with integration of online handwriting recognition and word prediction mainly for 

handheld devices. The main purpose of his study was to complete a word currently being typed by 

a user. Here, characters are suggested to complete the word using statistical information like 

frequency of occurrence of words. A corpus of 131,399 Amharic words and 17, 137 names of 

persons and places were prepared. The prepared corpus was used to extract statistical information 

like to determine value of n for the n-gram model, 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. The research was done using bi-gram model, where the intended word is predicted 

by looking 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 [2]. 

  



 

34 | P a g e  

 

 Word Sequence Prediction for Amharic Language 

Tigist Tensou [9] conducted research on word sequence prediction for Amharic language.  The 

main target of the study was to design and develop word sequence prediction model for Amharic 

language with inclusion of context information, predict words that a user intends to type based on 

context information is the task of word sequence prediction. The researcher was motivated to the 

study to fill previous research gap that was conducted on Amharic word prediction research by 

[2], that has been done to complete a word a user is currently typing using dictionary of words 

with their frequency. She claims that it is impractical to capture all word forms using only statistic 

of word due to the language ‘s rich morphology. Moreover, she identified [2] model does not 

consider context information. Thus, the lack of incorporating context information produced 

syntactically wrong word predict that cause extra cognitive load to adjust suggested words to 

appropriate form as well as causing reduction in speed of text entry. In the study, the researcher 

identified Amharic language has very complex inflectional and derivational verb morphology with 

four and five possible prefixes and suffixes respectively. It is morphologically complex and makes 

use of both prefixing and suffixing to create inflectional and derivational word forms which also 

requires some degree of infixing and vowel elision. Hence, to address this problem, she cast the 

word sequence predictor will propose root or stem word and morphological features internally 

with the aim of offering appropriate word form to the user.  

 The corpus for study was collected from Walta Information center, and a training corpus 

containing 298,500 sentences was used for model development. In addition, POS tagged corpus 

containing 8067 sentences was used to extract representative sentences for testing by means of 

random sampling method.  Prediction model was developed using statistical methods and linguistic 

rules. Statistical models were constructed for root or stem and morphological properties of words 

like aspect, voice, tense, and affixes using the training corpus. Consequently, morphological 

features like gender, number, and person were captured from a user ‘s input to ensure grammatical 

agreements among words. Initially, root or stem words were suggested using root or stem statistical 

models. Then, morphological features for the suggested root or stem words were predicted using 

voice, tense, aspect, affixes statistical information and grammatical agreement rules of the 

language. Finally, surface words were generated based on the proposed root or stem words and 

morphological features.  
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Hornmorph morphological analyzer and generator program was employed to analyze the corpus 

and to produce surface words. Furthermore, Python programming language was used for Prototype 

development to implement statistical language models of tri-gram, bi-gram, and hybrid. Finally, 

evaluation of the model was performed using keystroke savings (KSS) as a metrics. According to 

the experiment, prediction result using a hybrid of bi-gram and tri-gram model has higher KSS 

and it is better compared to bi-gram and tri-gram models. [9] 
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 CHAPTER FOUR: AFAAN OROMO LANGUAGE 

 Historical and Demographic Background of Afaan Oromo 

 

Afaan Oromo is one of the most widely spoken languages in Africa, surpassed only by Arabic and 

Hausa [1]. The language is termed as, ‘Afaan Oromo’ (the Language of Oromo) because it is used 

by Oromo Society, the native ethnic group of Ethiopia that account for the largest population of 

the country. With regard to this, various scholars revealed that the Oromo People are the largest 

single ethno-nation in Eastern Africa [2], constituting at least 40% of the Ethiopian population [3]. 

According to Hussein [4], “The Oromo people speak Afaan Oromo (the language of Oromo), 

which belongs to the Eastern Cushitic family of Afro-Asiatic phylum.” Studies reveal that Afaan 

Oromo is the most important language of Ethiopia where it is used not only as a national (official) 

language by the Oromo people but also as a lingua franca by several million speakers of other 

languages [5]. Outside Ethiopia, the language is spoken by thousands of other Oromo tribes in 

Kenya [4]. In line with this, Dejene [5] states as, “It is a language of a great people with national 

history going back at least to the 16th century that played a major political and cultural role in 

North-East Africa and whose cultural and social organization (e.g. the famous 'Gada' system) are 

among the most outstanding in Africa”. Besides being the widely used language in Africa, Afaan 

Oromo has been included among the essential languages in the world. Justifying this, the report 

by the U.S Government and its Education Department (1985) has revealed that Afaan Oromo has 

been considered as one of the 169 critical languages of the world [6]. Based on the aforementioned 

historical and demographic issues of Afaan Oromo, researching the different aspects of the 

language is worth mentioning. Accordingly, the current research focuses on NLP for Afaan Oromo 

is among the basic issues that need to be studied in order to enhance the wide usage of the language 

during the current digital age when the use of technological resources is increasing dramatically. 

The study involves conceptualizing the writing system of the language including its alphabets and 

sound systems as well as describing its syllabification, morphological process and grammatical 

rules as these issues are the basics for studying the word sequence prediction systems. 
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 The Basic Tenets of Afaan Oromo Writing System 

 An Overview of Afaan Oromo Writing System 

Different scholars identified that the writing system Afaan Oromo relies on Latin Script; the 

alphabets and sounds of the language are modifications of Latin writing system. Thus, Afaan 

Oromo shares a lot of features with English writing system except some modifications, and the 

writing alphabet of the language is known as ‘Qubee Afaan Oromoo’ which is designed based on 

the Latin script. Thus, letters in English or Latin Alphabets are also found in Afaan Oromoo except 

the ways they are combined in phonetic alphabets and the styles in which they are uttered [7].  

 

In order to get some insights into the writing system of Afaan Oromo, it is very important to look-

through the alphabets and sound systems of the language; hence, the interplay between alphabets 

and sound systems of the language could be described below. 

 Description of Afaan Oromo Alphabets and Sound Systems 

As it has been mentioned before, Afaan Oromo uses Latin character but with some modifications 

on sound of consonant and vowels.  It has 28 letters called Qubee.  However, later on a new letter” 

Z” was included in the alphabet as there are words which require the letter. For example: “Zelaya” 

(gold), Zeeytuuna (guava), Azoole (river in Arsii), Zeekkara (Opera), Zalmaaxaya (mess), Waziiza 

(fire place or fire work) and Zawii (insanity) are Afaan oromo words written using “Z” 

Additionally ‘P and V ‘are also added.  ‘P and V’ letters are not Afaan Oromo letters because there 

is no Oromo word written by use of either of them.  But they are included by considering the fact 

of handling borrowed terms from other languages like English.  For example: “Police”, “Piano”, 

“Television”, “video” and etc.  To sum up there are 31 letters of Afaan Oromo including ‘Z ‘, ‘P 

‘, and ‘V ‘[8].  

Vowels (Dubbachiiftuu)  

There are five vowels in Afaan Oromo; these are ‘a’, ‘e’, ‘o’, ‘u’ and ‘i’. They are similar to that 

of English, but they are uttered differently.  Each vowel is pronounced in a similar way throughout 

its usage in every Afaan Oromo literature [8]. In other words, there is no rule which could 

violatetheir pronouncing style in difference contexts. There is no need to deal with phonetic 
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transcription because the pronunciation is made just as the words are normally written in different 

texts.   

Consonants (Sagaleewwan dubbifamtoota) 

Most Afaan Oromo constants do not differ greatly from Italian, but there are some exceptions  

and few special combinations.   

 Morphological Issues of Afaan Oromo 

 Description of Afaan Oromo Morphology 

Like in a number of other African and Ethiopian languages, Afaan Oromo has a very complex and 

rich morphology [9]. It has the basic features of agglutinative languages involving very extensive 

inflectional and derivational morphological processes. In agglutinative languages like Afaan 

Oromo, most of the grammatical information is conveyed through affixes, (that is, prefixes and 

suffixes) attached to the root or stem of words. Although Afaan Oromo words have some prefixes 

and infixes, suffixes are the predominant morphological features in the language. Almost all Afaan 

Oromo nouns in a given text have person, number, gender and possession markers which are 

concatenated and affixed to a stem or singular noun form. In addition, Afaan Oromo noun plural 

markers or forms can have several alternatives. For instance, in comparison to the English noun 

plural marker, s (-es), there are more than ten major and very common plural markers in Afaan 

Oromo including: -oota, -oolii, -wwan, -lee, -an, een, -eeyyii, -oo, etc.). 
 
 

As an example, the Afaan Oromo singular noun mana (house) can take the following different 

plural forms: manoota (mana + oota), manneen (mana + een), manawwan (mana + wwan). The 

construction and usages of such alternative affixes and attachments are governed by the 

morphological and syntactic rules of the language [10]. Afaan Oromo nouns have also a number 

of different cases and gender suffixes depending on the grammatical level and classification system 

used to analyze them. Frequent gender markers in Afaan Oromo include -eessa/-eettii, -a/-ttii or –

aa/tuu.  
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For example: 

Word  Construction  Gender  English  

Obboleessa Obbol + eessa Male brother 

Obboleettii Obbol + eettii Female Sister  

Beekaa Beek   + aa  Male  Knowledgeable  

Beektuu Beek   + tuu Female  Knowledgeable 

 

Likewise, Afaan Oromo adjectives have case, person, number, gender, and possession markers 

similar to Afaan Oromo nouns. Afaan Oromo verbs are also highly inflected for gender, person, 

number, tenses, voice, and transitivity. Furthermore, prepositions, postpositions and article 

markers are often indicated through affixes in Afaan Oromo [9] [10]. The extensive inflectional 

and derivational features of Afaan Oromo are presenting various challenges for a number of NLP 

tasks in the language [9] [10] [7].  

 

 Syllabification in Afaan Oromo  

According to Abebe [11], Syllabification is language-dependent: each language has its own 

structure of syllables. For example, in English more than two consonants can come consecutively 

in a single word as in ‘screen’. But, in Afaan Oromoo more than two consonants cannot come 

together except in diagraphs. Hence, there are four types of syllable structure in the language. 

These structures include CV, CVV, CVC and CVVC. All of these can be found at word initial, 

medial and final positions. A valid word can be composed from the combination of one or more 

type(s) of these structures. The words like eelee, ooluu and etc. seem to start with vowels, but 

linguists argue that there is hidden glottal stop called hudhaa (‘) in front of any word that seems to 

start with vowel. 

In light of this, we say that every syllable in Afaan Oromoo starts with consonant. The following 

are just few examples. 
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CVC  Shan (five) 

CV Na- ma (man), tu-re (stay), Ku-ma (thousand) 

CVVC  Deem- (go) 

CVV Boo-naa (personal name) 

 

Majority of words in Afaan Oromoo are disyllabic with considerable number of tri-syllabic ones. 

Monosyllabic and quadric-syllabic words are rare [11].  

 

 Morphological Processes/Word Formation in Afaan Oromo 

Different studies identified that there are two productive ways to form words from morphemes: 

inflection and derivation [7] [11]. 

Inflectional Morphology: deals with the combination of a word with a grammatical morpheme, 

usually resulting in a word of the same class as the original stem, and serving some syntactic 

function, for example plurals of nouns. They do not change the part-of-speech category but the 

grammatical function (also called morpho syntactic information) is changed. The different forms 

of a word are produced by inflection. In English, the word ‘work’ is a verb, and inflectional forms 

like 'works', 'working’, and 'worked' are produced by adding the 3rd person singular maker /-s/, 

the present continuous marker /-ing/ and the perfective /-ed/ respectively. These four word forms 

of ‘work’, i.e. ‘work', 'works', 'working', and 'worked' are all verbs and there is no change in the 

part-of-speech category due to the affixation. 

Derivational Morphology: creates new words (i.e., words with a different part-of-speech category) 

by adding a bound morpheme to a stem. Derivation can be applied recursively, i.e., words that are 

already the product of one derivation process can undergo the process again. The following is an 

example from English: large (adj.) = enlarge (en- + large) (v) = enlargement (enlarge + -ment) 

(noun), and from Afaan Oromoo: bar- ‘to know’ (v) _ barumsa ‘education’ (bar-+-umsa) (noun). 

Another technique of word-formation in Afaan Oromoo is compounding. 

Compounding is a process of forming new words by combining different lexical categories [11]. 

However, it is not the case that every two words combine to form a compound form. Rather, every 

language follows certain rules by which it forms its compound. In Afaan Oromoo, the combination 
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of abbaa ‘father’ + lafa ‘land’ forms new word abbaa lafaa ‘landlord’. The rules of compound word 

formation in Afaan Oromoo is unpredictable, and thus needs further linguistic study in the 

language.  

On the basis of structural changes of the stem and other morphemes during affixation, 

morphological processes can also be classified as linear or nonlinear. In linear morphology affixes 

are added to the stem without changing the internal structural of the stem, though some changes 

might take place at the boundary of stems and affixes. On the other hand, morphological systems 

where the internal structure of the morphemes changes during the addition of suffixes are classified 

as nonlinear morphology. English pluralization pertains to linear category; similarly, 

morphological processes in Afaan Oromoo are mostly linear in nature [11].   

 Morphophonemic Processes  

One of the main occurrences of morphophonemic changes is the change that takes place between 

the boundary of stems and inflectional or derivational suffixes. In Afaan Oromoo the change may 

be assimilation, epenthesis, metathesis, deletion, reduplication and so on. In the following section, 

we briefly discuss each of them. 

Assimilation 

The phonemes that come next to each other at morpheme or word boundary may take the form of 

the previous or next. This produces the combinations of a variety of stem-final consonants 

followed by t (third person singular feminine, second person singular and second person plural), 

n (first person plural, neutral common), s (common, causative-common singular) and so on. The 

change can take place between prefix and stem or stem and suffix. Some of the changes are 

optional because they differ according to the dialect spoken. Table 4.1 summarizes the change. 
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Table 4:1Assimilation Processes 

Combination of    

phonemes 

Result  Example  

d + s ch  duud -  + sa = duucha  

dh + s ch  nyaadh - + sisa = nyaachisa  

dh + n N fuudh - + na = fuuna  

d + n nn  did - + n = dinna 

t +n Nn dhaloot -  +ni = dhaalonni 

t + ch ch  hojjet - + chisna = hojjechisna  

x + s cc or ch  fix - + siise = ficcisiise / fichisiise 

t + dh dh  barat - + dhu = baradhu  

dh +t T fuudh -+ tan = fuutan  

l + s Ch awwaal - + sise = awwaalchise  

b + t Bd waraab - + te = waraabde  

s + t Ft baas - + te = baafte  

d +t Dd yaad -+ te = yaadde  

l +n H gal - + ne = galle  

g + t Gd dhug - + te = dhugde  

x +t Xx fix - + te = fixxe 

c + t Cc boc - + te = bocce 

j +t Jj ajaj - + te = ajajje  

r + n Rr abaar - + ne = abaarre 

s +n fn  baas - + ne = baafne   
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Deletion 

In Afaan Oromoo for the convenience of speaking, phonemes at word or morpheme boundaries 

are deleted. This process usually occurs in noun derivations or inflections. 

For example: 

Mana ‘man’ + -oota = manoota ‘men’ 

Nama ‘man’ +-ummaa = namummaa ‘personality’ 

In verbs, deletion usually takes place in stems ending with ‘h, dh, hudhaa (‘)’. 

Hodh- +te = hoote 

Epenthesis 

In Afaan Oromoo, more than two consecutive consonants cannot occur together. When more than 

two consonants occur consecutively /i/ or others will be inserted between them. This process is 

sometimes called insertion, and is triggered on the basis of phonological information. 

For instance, Elm- + -na = Elmina, and Sirb- +ta = sirbita 

Reduplication 

Reduplication is formed by copying the first consonant and vowel of the verb stem and geminating 

the second occurrence of the initial consonant. The resulting word indicates the repetition or 

intensive performance of the action of the verb. Generally, if the stem starts with consonant, 

reduplication has the form of CV(C) + stem, where C=consonant and V= vowel. But, it has the 

form of V (‘) + stem if the stem starts with vowel. Though adjectives can undergo reduplication, 

we only discuss the reduplication process in verbs in this thesis. 

For example:  Deemuu=deddeemuu, ciruu =cicciruu, affeeluu=a’affeeluu 

  



 

44 | P a g e  

 

 Categories of Afaan Oromo Words  

The uses of words are identified based on their rules to be applied in different contexts and 

morphological categories. Identifying categories of words depend on different aspects. In this 

regard, Abdi [12] stated that the category of a particular word can generally be identified by 

looking at the semantic of that word, by looking at the form (morphology) of that word or by 

looking at the actual position (syntax) of that word. The grammatical categories of Afaan Oromo 

have undergone a series of improvement in terms of its word categories and other syntactic 

features. In line with the basic classifications of words in English language, Afaan Oromo words 

are categorized into eight grammatical categories (Noun, Verb, Adjective, Adverb, Adposition, 

Pronoun, Conjunction and Interjection); however, some researchers like Mandefro (2012) 

Legesse, Assefa (2005) and Getachew (2009) as cited in Abebe [12] revealed that Afaan Oromo 

has five grammatical categories of words such as: nouns, verbs, adverbs, adjectives and 

Adposition. According to these researchers’ pronouns included under the noun category, and 

conjunctions and interjections under Adposition. From this point, one can understand that Afaan 

Oromo has five major grammatical categories serving as heads in phrase construction.  

Each of these classes again can be divided into other sub-classes. For instance, noun class is 

categorized as proper noun, common noun and pronoun, and Preposition and postpositions are sub 

classes of ad- positions. The subclasses in turn can be divided into subclasses, and the subdivision 

process may continue iteratively depending on the level and aim of the investigation. The major 

Afaan Oromo word categories are: noun, verb, adverbs, adjectives, pronouns and Adposition [13].  

 Nouns  

Nouns are names that are used to name or identify things, people, animals, places or abstract ideas. 

In Afaan Oromo most of the time a sentence begins with a noun which starts with capital letter 

and it uses a noun as a subject followed with subject markers. Direct object and indirect object 

also optionally follows the noun which is the subject of a sentence. For instance, the bolded words 

in the following sentences are all nouns:  

Hoolaan marga dheeda. (The sheep grazes grass).  

Bunni dinaggee keeynaa gudisa. (Coffee develops our economy).  
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Definiteness, Number, Gender and case Markers  

Nouns are inflected to indicate different grammatical functions such as number, gender, 

definiteness and case. Inflectional suffixes are combined with stem usually resulting in a word of 

the same class as the original stem 

 

Number:  A singular is marked by zero morphemes where as a plural noun is marked 

morphologically by suffixing the morpheme like -oota, -oolii, -een, -lee, -wwan, -yyii, -eetii, -ii, -

oo to the base as free alternates [11]. It is difficult to predict which suffix is for which noun, but 

there is a possibility of using all these suffixes as plural makers. Linguists agree that some groups 

of suffixes are most preferably applied to almost all nouns, and the others are used with only some 

words. According to Abebe [11], categorizing them according to universal usage, through 

identifying those attached to stems ending in specific consonantal phoneme and those that end in 

some group of phonemes.   

 

Table 4:2: Categories of number indicator Suffix  

Suffix  Category  

-Oota, -oolee, -oolii  Suffixes that delete the last vowel   

-wwan, -lee  Suffixes that don’t delete the last vowel   

-een –(a)n Suffixes that double last consonant  

-eeyyii  Suffixes that drop –eessa/eensa 

 

Case: is a grammatical category of nouns that indicates the nature of their relationship to the verb 

in sentences [12]. The number of cases varies from language to language. In this regard, nouns in 

Afaan Oromoo are inflected for nominative, ablative, instrumental and locative cases. Nominative 

case is used for nouns that are the subjects of clauses whereas, instrumental is used for nouns that 

represent the instrument ("with"), the means ("by"), the agent ("by"), the reason, or the time of an 

event.  

The locative is used for nouns that represent general locations of events or states, roughly at. For 

more specific locations, Afaan Oromoo uses prepositions or postpositions. Postpositions may 

also take the locative suffix.  On the other hand, the ablative case is used to represent the source 

of an event; it corresponds closely to English from.    
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Table 4:3: Summary of Case makers 

Cases formed with the suffix 

Nominative N 

Ablative dhaa, rraa 

Instrumental tiin, dhaan 

Locative -tti,  

 

 Definiteness: demonstrative pronouns like kun (this), sun (that) are used to express definiteness. 

In some Afan Oromo dialects the suffix -icha for male and -ittii(n) for female and for undermining 

usually has a singularize function is used where other languages would use a definite article [7]. 

 

 

 

 

 

 Verbs 

Verb is the most important part of a sentence that says something about the subject of a sentence, 

expresses an actions, events or states of being. In Afaan Oromo verb occurs in the final positions 

of a sentence. It is not the case that verbs constitute a distinct, open word class in all languages. In 

Afaan Oromo verbs are forms which occur in clause final positions and belong to a distinct 

category [1].  For instance, in each of the following sentences the verb is bolded: 

Caalaan farda bite. (Chala bought a horse)  

Caaltuun barattuu dha. (Chaltu is a student) Leensaan dhufte. (Lensa has come)  

Verbs are morphologically the most complex POS in Afaan Oromoo, with many inflectional 

forms; numerous words with other POS are derived primarily from verbs. Generation of 

syntactically and semantically correct sentences requires appropriate choice among the different 

forms of verbs. There are two major criteria to identify verbs from other word categories: syntax 

and morphology. 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, the agreement of verb with the number, gender 

and/or person of the subject, proper case markers for the different nominal forms and expression 

Afaanicha Afaanichi    

Jaartittiin Jaartittii 

Jaarsicha Jaarsichi 
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of the tense, aspect of the verb and number, specificity of the of nouns are some of the important 

morphological constraints governing correct generation. 

An Afaan Oromoo verb consists minimally of a stem, representing the lexical meaning of the 

verb, and a suffix, representing tense or aspect and subject agreement. For example, in dhufne 'we 

came', dhuf- is the stem ('come') and -ne indicates that the tense is past and that the subject of the 

verb is first person plural. As in many other Afro-Asiatic languages, Afaan Oromoo makes a basic 

two-way distinction in its verb system between the two tensed forms, past (or "perfect") and 

present (or "imperfect" or "non-past") [4]. Each of these has its own set of tense/agreement 

suffixes. There is a third conjugation based on the present which has three functions: it is used in 

place of the present in subordinate clauses, for the jussive ('let me/us/him, etc. verb', together with 

the particle haa), and for the negative of the present (together with the particle hin). For example, 

deemne 'we went', deemna 'we go', akka deemnu 'that we go', haa deemnu 'let's go', hin deemnu 

'we don't go'. There is also a separate imperative form: deemi 'go (singular) [11].  

 Adverbs 

Adverbs are words which are used to modify a verb, an adjective, another adverb, or a clause. 

Adverbs usually precede the verbs they modify or describe. An adverb indicates time, manner, 

place, cause, or degree and answers questions such as „how? ‟, „when? ‟, „where? ‟, and „how 

much? ‟. In the following examples, each of the italic words is an adverb:  

Oboleessi koo boru deema. (My brother will leave tomorrow.) Boru (tomorrow) is an adverb.   

 Namichi tasa du’e. (The man accidentally died.) Tasa(accidentally) is an adverb.  

 

 Adjectives  

An adjective modifies a noun or a pronoun by describing, identifying, or quantifying words. In 

Afaan Oromo an adjective usually follows the noun or the pronoun which it modifies. Some of 

Afaan Oromo adjectives are: hedduu, mara, kam, adii, qalla, tokko, kee, etc. In the following 

examples, the italic words are adjectives:  

Gammachuun qallaa dha. (Gemechu is thin).  

Konkolaatan Cala adii dha. (Chala‟s car is white). 
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 Pronouns 

Alike English, in Afaan Oromo pronoun can replace a noun or another pronoun. Pronouns are 

marked for number and gender. For example, pronouns like "ishee/isii" which means “she” is 

feminine (singular), "isa" which means 'he' is masculine (singular), "isaan” which means 'they' is 

plural and can be masculine or feminine and "nuyi" which means “we” is plural and can be 

masculine or feminine. We use pronouns to make sentences less cumbersome and less repetitive. 

Grammarians classify pronouns based on their functions and meanings in the sentence into several 

types, including the personal pronoun, the demonstrative pronoun, the interrogative pronoun, the 

indefinite pronoun, the relative pronoun, the reflexive pronoun, and the intensive pronoun [1]. 

For example:   

Tolan dhufe. (Tola came.) Inni dhufe. (He came.)  

 1st   2nd  3rd  

singular Ani (I) Ati (you) Isa /Inni (he) 

Isii/ Ishee(she) 

Plural  Nuti(we) Isin (you) Isaan / Jarri(they) 

 

 Adposition  

Adposition are traditionally defined as words that link to other words, phrases, and clauses and 

express spatial or temporal relations. Adposition is almost universal part of speech. It is a cover 

term for prepositions and postpositions. It is a member of a closed set of items that occurs before 

or after a complement composed of a noun phrase, noun, pronoun, or clause that functions as a 

noun phrase, and form a single structure with the complement to express its grammatical and 

semantic relation to another unit within a clause [7]. 

Some languages have either prepositions or postpositions, others have both and yet others have 

quite neither. For example, English has prepositions but Japanese has postpositions [7]. Unlike 

English and Japanese, Afaan Oromo has both prepositions and postpositions. As grammatical 

tools, Adposition marks the relationship between two parts of a sentence: characteristically one 

element governs a noun or noun-like word or phrase while the other functions as a predicate. 

Qotebula-dhaaf (for farmers) Ambo-tti(at Ambo) Saartuu-n (Sartu is) Numaa-f(for us) Gaara-



 

49 | P a g e  

 

rraa(from above) Adpositions are traditionally defined as words that “link to other words, phrases, 

and clauses” and that “express spatial or temporal relations.” 

 Afaan Oromo Syntax  

Basically, every language has standardized word orders in sentences. For instance, Abdi [42] stated 

that English and French languages have ‘Subject-Verb-Object’ (SVO) orders of words in their 

sentences.  However, Afaan Oromo is different from these languages in its syntactic structure; it 

uses subject-object-verb (SOV) form which is similar to Amharic and Japanese languages [14].  

Subject-verb-object (SOV) is a sentence structure where the subject comes first, and the object and 

the verb are second and third elements of a sentence respectively. For instance, in the Afaan Oromo 

sentence Qananisaan atileeti dha (Kenenisa is an athlete), Qananiisa (kenenisa)is a subject, atileeti 

(athlete) is an object and dha (is) is a verb. Afaan Oromo adjectives follow a noun or pronoun; 

their normal position is close to the noun they modify while in English adjectives usually precede 

the noun. For instance, nama cima (strong man), the adjective cima (strong)follows the noun nama 

(man). 

 

There are different rules to word order in Afaan Oromo sentence construction understanding of 

this syntactic structure of sentence can help us to know the relationship between words which in 

turn leads us to categorize them correctly. For our work, we mainly focus on Main clause word 

order and Noun phrase word order. The points discussed in this section are based on [7] Main 

clause word order as we discussed Afaan Oromo uses subject-object-verb (SOV) format sentence 

construction in the main clause. But, the resulting sentence structure may vary as shown in the 

following cases. I. Subject + verb Daraartuun dhufte, (Derartu came.) Anaa dhufu. (Welcome.) II. 

Subject + complement (object or adverbial) + verb Calaan konkolaataan dhufe, (Chela came by 

car.) Beekaan mana baruumsaati dhufe. (Beka came from school.) III. Complement + verb Mirga 

ishee falmatte. (She defined her right.) Tokkummaa qabaadhaa. (Have a unity). Noun phrase word 

order the noun usually precedes the qualifiers. The qualifiers are arranged in the sequence: noun – 

adjective – possessive/demonstrative pronoun. The subject marker is added to the noun itself and 

to the qualifiers of the noun as the base form is repeated in all qualifiers of the noun. Odaan 

guddaan kun yoom dhaabbate? (When this Sycamore tree is planted?) Mucaan qaloon xiqoon kun 

cimtuudha. (This small thin boy is dynamic.) 
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 CHAPTER FIVE: WORD SEQUENCE PREDICTION MODEL 

FOR AFAAN OROMO 

 Overview  

This Chapter presents details about   Afaan Oromo Word Sequence Prediction Model. Specifically, 

the Architecture of the Afaan Oromo Word Sequence Prediction Model and its components with 

their respective algorithms are described. To build a language model, N-gram statistical model was 

employed. Accordingly, to prepare corpus for language modeling and identify observable artifacts 

which is useful to set expectations in the model development, a preliminary analysis was 

conducted. Finally, various N-gram models were applied to extract most probable stem words, and 

morphological features like tense, case, number, gender and person. 

 

 Preliminary Analysis of Corpus 

A preliminary study of the corpus is necessary to prepare corpus for statistical modeling. Thus, 

preliminary analysis was conducted to recognize the relationships between corpus genre, 

vocabulary size, distributions of various N-Grams and other observable artifacts which is useful 

to set expectations in the model development. Moreover, to support selection and adoption of 

method for language model with justification. Thus, to explore the effect of morphological 

information on word sequence prediction, the preliminary analysis is conducted on training corpus.   

Initially, the preliminary analysis was conducted to explore the distribution of word in the 

documents. Thus, the summary of the analysis shows that the occurrence of a word in corpus 

extremely rely on corpus genre.  Figure 5.1 below shows occurrence and frequency of sample word 

in corpus document.  For instance, the word “nama” occur 497 times in the Bible (Wangella.txt), 

whereas it occurs only once in news document “Guraandhala.txt”. Consequently, if the language 

model is trained on Bible corpus and tested on news document, the model will favor the word 

“nama” to be the next word that users intended to type.  
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Figure 5-1:Frequency of sample word in corpus  

  

On the other hand, the result of the analysis show that some words occur frequently in a particular 

document and might not occur at all in some other documents which have different genre. Figure 

5.2 shows that the occurrence of “nama” and “seera” in diversified documents.     
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Figure 5-2: Occurrence of “nama” and “seera” in diversified documents 

 

The other purpose of the preliminary analysis was to uncover the relationship between vocabulary 

size and distribution of various N-grams. Particularly, it helps to identify constraints to predict 

appropriate word in a given sequence regarding with providing the word that users intended to 

type and word that is grammatically acceptable in give a sequence. First, we looked into the 1-

grams, or unigrams models. After preprocessing and transformation the corpus has 69,750 distinct 

words representing total occurrences of 507,776 words in the whole corpus. Figure 5.3 shows the 

most frequently appearing words. The most commonly appearing word is “akka |as”, appearing 

10,000 times, or 1.97% of the total word count in word forms. This means, given any word, the 

unigram language model will predict the word “akka” every 1.967% times. The unigram counts 

give us an indication of the probability of each word occurring irrespective of any other 

information. If we have no other information at all, we cannot do better than guessing “akka” to 

be the next word in every instance.  
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Figure 5-3:Most frequently appearing words 

As a result, unigram model predicts inappropriate word for a given word sequence. This means, 

for any sequence of words the model predicts that the next word is the most frequent word in 

corpus. Consequently, the competence of the language model is limited to the existing corpus 

genre since the occurrence and frequency of words extremely rely on corpus genre.   On the other 

hand, the result of above analysis shows that unigram model is inadequate to consider context 

information such as preceding word.   

Secondly, the analysis is conducted on bigram model to examine the competence of the language 

model.  Figure 5.4 shows the top 50 bigrams. The bigram “Afaan oromo” occurs 800 times out 

distinct 313,303 bigrams count.    That means, given the word ‘Afaan’ the model predicts the next 

word as “oromo” with 1.14 %. Accordingly, bigrams count that were observed but which did not 

meet the minimum frequency threshold, were removed from prediction list. However, using 

Maximum Likelihood Estimator (MLE) the relative frequency of the bigram (bigram 

frequency/total bigram frequency beginning with current word) would reduce this partiality.   
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Figure 5-4: The top 50 Bigrams 

Thus, Bigram model compute a bigram probability of a word w2 given a previous word w1, by 

computing the count of the bigram C (w1 w2) and normalize by the sum of all the bigrams that 

share the same first word w1. since the sum of all bigram counts that start with a given word w1 

must be equal to the unigram count for that word w1. 

𝑃(𝑤2|𝑤1) =  
𝑐(𝑤1, 𝑤2)

𝑐(𝑤1)
    … … … … … … … … … … … … … … … (5.1) 

 For example: Probability of the word “Oromo” given previous word is “Afaan” is calculated as 

shown below: 

 𝑐(Afaan , oromo) = 789, 𝑐(Afaan) = 2535 

𝑃(oromo| afaan) =
C(afaan oromo) 

C(oromo)
 

 𝑃(oromo| afaan) =
C(789) 

C(2535) 
  =   0.311              
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In fact, though, the language model predicts the word “oromo” given word “Afaan” which is 

grammatical acceptable, but it is not very interesting, since every time the word “Afaan” is given 

probably 31% it is the word oromo that as to be predicted. This means if user requires typing the 

word “Afaan” as other context as “mouth” the language model predict next word “oromo” that 

describe about language, unfortunately the context it intended for is to describe mouth. Thus, the 

language model is not context sensitive. It doesn’t consider on which context to predict next word 

rather it only relies on frequency count of words in corpus.  In other word, the model favors the 

word “oromo” to be predicted and disfavor other words even if they sound well according to the 

context.   For instance, the full space of possibilities is the given word with the size of the dictionary 

69,750 words, they model only accommodate and assign probability out of 69% for all possible 

and impossible words sequence. The dictionary matrix below depicts sample of word count that 

assign with zero probability though they are acceptable or possible sequence of word they form 

when bounded.  

 

Table 5:1: Dictionary matrix of sample word count 

 Oromoo Saba  Hoji  Mana Murti Isaa Qamaa 

Afaan  789 0 68 0 0 7 0 

Oromoo 0 0 0 0 0 0 0 

Saba  13 0 0 0 0 0 0 

 

To address the problem of Zero probability, it is essential to understand the structure (syntax) and 

context of words in sentence. Since Zero probability could be ether structural zero (unacceptable 

sequence of word) or contingency zero. Hence, identifying zero probability whether it is structural 

zero or contingency zero is appropriate. N-gram language model would assign zero probability for 

two words which have not structural dependency. For example, the word “saba” and “murti” have 

no structural dependency. In other way of expression, in Afaan oromo there is no probability where 

the word “saba” is followed by word “murti”. Thus, we cannot find a sequence of “saba murti” in 

the corpus. Hence, the language model assigns zero probability for “saba murti” sequence. Even 

though, structural zero is assigned for grammatically not accepted word sequence, it is difficult to 

find all possible sequence in corpus. The major cause of zero probability is that corpus vocabulary 

is limited, so some perfectly acceptable word sequence may be missed from it. Thus, it is 
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contingency zero.   This means that the N-gram matrix for any given training corpus is certain to 

have a very large number of zero probability that should certainly have some non-zero probability. 

For example, “Afaan isaa” is possible sequence. In Addition, a list of unique words that found on 

the test set may not exist or recognized in training set or unknown words. Thus, out -of -vocabulary 

is other cause of zero probability. In fact, literatures recommend handle unknown word in the test 

by adding a pseudo-word called <UNK> in training set and by training the model to compute the 

probability of <UNK> as any other regular word.  

 

As a result, bigrams rely on frequency of words rather than context and grammatical rules that    

impose a heavy cognition load on the user to choose appropriate word. Besides, it also decreases 

the writing rate.  

In fact, when the size of n or number of previous word that the model considers in predicting the 

next word increase the model accuracy would increase. That means, the language model would 

consider the context when number of previous word model consider increase.  Figure 5.5 below 

shows the top 50 trigram sequence. The trigram “ffaa kan xumuree” occurs 350 times, which is 

given “ffaa kan” next word that the model predict would “xumuree “with the probability of the 

0.25 trigram count. The phrase “5 ffaa kan xumuree” sound well than phrase predicted by bigram. 

In Addition, the word “Xumuree” is appropriate in the context of the previous two words. 

However, like bigrams, there are number possible word sequence which are not observed in 

corpus. As a result, it is a very sparse matrix.  



 

57 | P a g e  

 

 

Figure 5-5:The top 50 Trigram sequence 

Generally, the preliminary analysis indicated that N-gram language model alone is insufficient for 

Afaan oromo word sequence prediction since linguistic information and proficiencies has long 

distance syntactic dependencies. Accordingly, Afaan oromo cannot be modeled by a Markov chain 

because of data sparsity affect the n-gram model. On the other hand, the probabilities of an N-gram 

come from the corpus it is trained on, and training corpus is not expected always to ensure that 

each valid word sequence appears in corpus relevant number of times.  
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 Morphological Analysis of corpus 

As it has been frequently described in the previous chapters, Afaan oromo language has large 

dictionary of word forms with several morphological features produced from a stem and a set of 

inflection rules. To this end, in dealing with word sequence prediction for Afaan oromo language, 

a module that analyzes words in training data is essential to identify stem form and component 

morphemes. Thus, to build a tagged corpus that used for constructing statistical language models, 

Hornmorph was used for this study. Stem form and others morphological information that are 

useful for annotating each word in the corpus are extracted by Hornmorph morphological analyzer 

to build a tagged corpus. Consequently, out of 507,776 words of the corpus presumably 69% is 

analyzed by Hornmorph.   

 

On the other hand, in Afan Oromo for a single verb root form over hundred valid word forms can 

be formed [12]. For instance, from a single verb stem ―beek- ‖ over 216 valid word forms are 

generated by morphological generator developed by Abebe. Therefore, it is impractical to store all 

word forms for language model. For instance, if we have 10,000 verb and noun forms are identified 

and extracted from corpus, over 2 million words will be formed. Thus, the training corpus is pre-

processed to hold only the stem form and selected morphological features of words.  The 

morphological features and word formation method identified in chapter four was analyzed using 

Hornmorph.  Thus, morphologically analyzed training corpus or tagged corpus consisting only 

stem form, cases, tense, number, person and gender is constructed. Accordingly, morphological 

information is tagged for words which their part of speech either verb or noun. Thus, tagged 

training corpus also contain words with no morphological information. Words with morphological 

information stored in tagged training corpus in respective with stem form, case, tense, number and. 

person. However, some words which are neither verb nor noun and Hornmorph unable to analyze 

are taken as it is, to keep consistency of stem word sequences.  Figure 5.6 below shows the sample 

tagged training text analyzed using Hornmorph and constructed using python code. 
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  'waashingitan', 'diisii', 'aanaa', 'kolfee', 'qaraaniyoo', 'naannoo^noun^0^0^0^sig^0^0', 'raphii', 

'kan', 'jir^verb^0^0^0^pru^0^3', 'iddoo^noun^dat^0^0^sig^0^3', 

'kosii^noun^abl^0^0^sig^0^3', 'gat^verb^abl^0^0^pru^0^3', 'gatam^verb^abl^0^0^pru^0^3', 

'gat^verb^abl^0^0^pru^0^3', 'qoshee', 'jedham^verb^0^0^0^pru^0^3', 'voa-f', 'kaleessa', 

'ibs^verb^0^0^0^pru^0^3', 'jiru', 'mana', 'isaanii', 'lafa^noun^bs^0^0^sig^0^0', 

'kosii^noun^abl^0^0^sig^0^0', 'guutume', 'irratti', 'ijaaram^verb^0^0^0^0^0^3', 

'ijaar^verb^0^0^0^0^0^3', 'jedhu', 'dura', 'sagalee^noun^abl^0^0^sig^0^0', 'dhoinsaa', 

'dhagaamee', 'namee^noun^sb^0^0^sig^0^0', 'nama^noun^sb^0^0^sig^0^0', 'hundi', 

'biyyoo^noun^bs^0^0^sig^0^0', 'dhidhimuu', 'dubbadh^verb^0^0^0^0^0^3', 'tuullaa', 

'kosii^noun^abl^0^0^sig^0^0', 'jig^verb^abl^0^0^sig^0^3', 'illee^noun^bs^0^0^sig^0^3', 

'reeffa^noun^bs^0^0^sig^0^3', 'baafam^verb^bs^impre^0^pru^0^2', 

'jir^verb^bs^impre^0^pru^0^3', 'ministarri', 'dhimma^noun^bs^0^0^sig^0^0', 

'koomiyunikeeshinii', 'mootummaa', 'itiyoophiyaa', 'obbo', 'negerii', 'leencoo', 'kaleessa', 'voaf', 

'ibs^verb^0^0^0^pru^0^3', 'ibsa^noun^bs^0^0^sig^0^3', 'kennaaniin', 

'lakkoobsa^noun^sb^0^0^sig^0^0', 'namee^noun^sb^0^0^sig^0^0', 

'nama^noun^sb^0^0^sig^0^0', 'dhum^verb^sb^0^0^pru^0^3', 'gauu', 

'dubbadh^verb^0^0^0^0^0^3', 'tur^verb^0^0^0^pru^0^3', 'maddi-oduu', 'rooyiters', 'immoo', 

'poolisii^noun^bs^0^0^sig^0^0', 'irraa', 'odeeffannoo^noun^abl^0^0^sig^0^0', 'isaa', 

'namee^noun^sb^0^0^sig^0^0', 'nama^noun^sb^0^0^sig^0^0', 'dhum^verb^sb^0^0^pru^0^3', 

'dhuma^noun^bs^0^0^sig^0^3', 'gauu', 'gabaaseee', 'namoota', 'dhum^verb^0^0^0^pru^0^3', 

'dhuma^noun^bs^0^0^sig^0^3', 'kanneen', 'kurna', 'hed^verb^0^impre^0^pru^0^2', 

'hedduu^noun^dat^impre^0^sig^0^2', 'dh^verb^dat^impre^0^sig^0^3', 

'dubartii^noun^abl^impre^0^sig^0^3', 'ijoolee', 'dha', 'oduu', 'dhaqqabeen', 'immoo', 'sabaa-

himaan', 'mootummaa', 'gabaasetti', 'lakkoobsa^noun^sb^0^0^sig^0^0', 

'namee^noun^sb^0^0^sig^0^0', 'nama^noun^sb^0^0^sig^0^0', 'duanii', 'gaee', 'jira', 'kan', 

'reeffa^noun^0^0^0^sig^0^0', 'ijoollee^noun^0^0^0^sig^0^0', 'ijoo^noun^dat^0^0^sig^0^0', 

'ijoollee^noun^dat^0^0^sig^0^0', 'ijoo^noun^dat^0^0^sig^0^0', 'isaanii', 'jaaa', 

'baafadh^verb^0^0^0^0^0^2', 'guddaa^noun^bs^0^0^sig^0^0', 

'guddii^noun^bs^0^0^sig^0^0', 'magaalaa^noun^bs^0^0^sig^0^0', 

'magaala^noun^bs^0^0^sig^0^0', 'magaalaa^noun^bs^0^0^sig^0^0', 

'magaala^noun^bs^0^0^sig^0^0', 'neee', 'kan', 'jir^verb^0^0^0^pru^0^3', 'hin', 

'fakkaadh^verb^0^0^0^0^0^3', 'jedhan', 'koree', 'jir^verb^0^0^0^pru^0^3', 'dimokraatichii', 

'adam', 'schiff', 'obaamaan', 'ajaj^verb^0^0^0^pru^0^3', 'ajaja^noun^bs^0^0^sig^0^3', 'kanaa', 

Figure 5-6:The sample tagged training text constructed using python code. 
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BEGIN 

INPUT training-corpus 

ANALYZE training-corpus using Hornmorph and WRITE in analyzed-corpus  

INITIALIZE Dictionary with keys stem, POS case, tense, number, Person, gender,  

INITIALIZE LIST morphological feature, New-Word, new-Word2 to FALSE  

  

FOR line in training corpus:  

 Add line in to list 

FOR each word in the list  

IF word is in new-Word keyword and new-Word2 is FALSE  

SET new-Word to TRUE  

ELSE IF new-Word is TRUE 

New-Word=FALSE  

New-Word2=TRUE 

root=word  

ELSE IF new-Word is TRUE and word is in case Key:  

case=word  

ELSE IF new-Word is TRUE and word is in Tense Key:  

tense=word  

ELSE IF new-Word is TRUE and word is in POS Key:  

POS=word  

ELSE IF new-Word is TRUE and word is in Number Key:  

number=word  

ELSE IF new-Word is TRUE and word is in person Key:  

person=word  

ELSE IF new-Word is TRUE and word is in gender Key:  

Gender=word  

ELSE IF word in new-Word key and new-Word2 is TRUE  

WRITE (root+'^'+POs'+’^’case +'^'+tense +'^'+number+'^'+ gender+'^'+person) 

on tagged-training-corpus  

SET new-Word2 to FALSE and new-Word to TRUE  

OUTPUT tagged-training-corpus  

END  

 

Figure 5-7: Algorithm to Build a Tagged Corpus 
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 Architecture of Afaan Oromo Word Sequence Prediction Model 

 

Figure 5-8:Architecture of Afaan oromo word sequence prediction model 

 

 

The Afaan oromo word sequence prediction model has two major components; N-gram sequence 

and prediction engine. N-gram sequence provides statistical information captured from tagged 

training corpus to prediction engine.  Accordingly, prediction engine uses this statistical 

information to predict most probable stem form of words and morphological features of proposed 

root or stem words.   Finally, the morphological generator produces surface words.  
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 The prediction process is initiated after users enter one word.  Accordingly, a user’s input is 

accepted and analyzed using Hornmorph. Subsequently, stem and morphological features of words 

are extracted so that the word prediction engine uses this information to propose probable stems 

forms by interacting with the language model. Finally, the morphological generator produces 

surface words for proposed stem forms according to probable features predicted by language 

model. Figure 5.7 shows the Architecture of Afaan oromo word sequence prediction model.   

  Language Models 

As described in preliminary analysis, it is the language model that gives a word sequence predictor 

a competence to predicted the next word.  The Language model empowers the prediction engine 

by providing statistical information captured from tagged training corpus. Accordingly, to predict 

appropriate word for given sequence the statistical information of word sequence and their 

morphological features extracted and modeled using n-gram models.       

 

The word sequence prediction task is accomplished in three phases.  In phase one, stem form of 

words is suggested using stem n-gram models. In the next phase, morphological features of 

proposed stem words are predicted using statistical methods as well as linguistic rules to ensure 

word formation. Finally, the proposed stem word and morphological features are used by 

morphological synthesizer to generate appropriate surface words. Thus, phase one and two are two 

major tasks accomplished by language model that constructed from stem word sequences and 

morphological features using n-gram model trained on tagged corpus.  Furthermore, as it is 

indicated at the beginning of this chapter, the accuracy of word predictor improved as n in the n-

gram model increases due to suggesting words with more context information. However, as n in 

the n-gram increased the complexity and data size will simultaneously grew causing exponential 

response time. Consequently, we decided to use bigram, trigram and hybrid of bigram and trigram 

models using back-off algorithm.  
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Stem Forms Sequence 

Bigram and Trigram statistical models are constructed for stem words sequence using the training 

corpus. Each n-gram model is separately stored on its own repository and they hold stem word 

sequences for each value of n with their probability of occurrence in the corpus. Probabilities of 

all unique stem word sequences with this respective value of n is calculated by counting occurrence 

of n stem word sequences and n-1 stem word sequences in the corpus where n is 2 for bi-gram and 

3 for tri-gram models, and then calculating their ratio using MLE. Bi-gram and tri-gram 

probabilities are computed using equation (5.1) and (12) respectively.      

𝑃(𝑤2|𝑤1) =  
𝑐(𝑤1 𝑤2)

𝑐(𝑤1)
    … … … … … … … … … … … … … … … (5.1) 

where, w1, w2 are stem words, P(w2|w1) is probability of a word w2 given w1, c(w2w1) is 

frequency of word sequence w2w1 in a corpus, c(w1) is frequency of w1 in a corpus. 

  

𝑃(𝑤3|𝑤2, 𝑤1) =  
𝑐(𝑤1𝑤2𝑤3)

𝑐(𝑤1𝑤2)
    … … … … … … … … … … … … … … … (5.2) 

 

where, w1, w2, w3 are words, P(w3|w2w1) is probability of a word w3 given w2w1 previous 

words, c(w3w2w1) is frequency of word sequence w3w2w1 in a corpus, c(w2w1) is frequency of  

w2w1 in a corpus.  Figure 5.9 shows the Algorithm to Construct n-gram Models. Sample trigram 

stem sequence extracted by python code is attached on Annex 6. 
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BEGIN 

INPUT tagged training corpus 

INITIALIZE LIST 

INITIALIZE DICTIONARY  

READ value of N  

FOR each item in a tagged training corpus:  

  Extract each sentence by <EOS>  

  FOR each item in a sentence:  

  SPLIT item by “^” and Access the value of key stem from dictionary  

  EXTRACT stem form and ADD to LIST 

FOR each item in LIST:  

EXTRACT N sequence from LIST using index of item   

      ADD each sequence to LIST two  

FOR each item in LIST two:  

COUNT number of its occurrence, and ASSIGN value to frequency 

       ADD the frequency with their respective item to DICTIONARY 

FOR each item in DICTIONARY: 

CALCULATE probability of N sequence of words by taking ratio of frequency                                                                                 

-        of N sequence words with N-1 sequence words 

WRITE probability with their respective sequences in stem form sequence file  

OUTPUT -stem sequence n-gram probabilistic model  

END  

 

Figure 5-9: The algorithm for constructing Bigram and Trigram model 
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Stem Forms with Case  

To extract grammatical information regarding with grammatical category of nouns to identify the 

relationship between noun and verb in sentence, the bigram model of stem words with their 

respective case is constructed. Bi-gram model of stem words with their respective case is 

constructed by extracting and counting occurrence of unique stem word with its case sequence. 

This model stores frequency of each stem word with its case. Case for noun can be dative, base, 

subject, ablative, instrumental and locative cases. The most frequent case for a stem word is used 

later when producing surface words. The figure below shows the Algorithm to constructing 

Bigram model form stem and case. Sample bigram sequence of stem with case extracted by python 

code is attached on Annex 5.    

 

 

 

 

 

 

 

 

 

 

 

 

  

BEGIN  

INPUT tagged-training-corpus  

INITIALIZE LIST  

INITIALIZE DICTIONARY  

FOR each word in tagged-training-corpus:  

SPLIT each word by “^‟ and ADD each item to a LIST 

EXTRACT stem and case using the item having “0‟ and “1” index from the list,  

ADD to DICTIONARY 

FOR each root-case-sequence in DICTIONARY: 

ASSIGN frequency=0  

IF stem-case-sequence is new  

COUNT stem-case-sequence and ASSIGN it to frequency  

WRITE stem -case-sequence and frequency in a file  

OUTPUT case-with-case n-gram model  

END  

 Figure 5-10: The algorithm for constructing bigram model of stem with case 
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Stem Words with Tense 

In Afaan oromo verbs are morphologically the most complex POS, with many inflectional forms; 

numerous words with other POS are derived primarily from verbs. Generation of syntactically and 

semantically correct sentences requires appropriate choice among the different forms of verbs. On 

the other hand, verb has a long distance depends with subject. For instance, in simple sentence 

“innii kalessaa dhufee”, here “innii” is subject that convey grammatical information such as second 

person and singular. “kalessaa” is adverb even with limited derivational form.   “dhufee” is verb 

having number of inflectional forms and context information representing tense, case, number and 

gender that requires to agree with subject.  Furthermore, most of the time in Afaan oromo, sentence 

is written in the form of SOV order, so to predict next word, specially verb, we need to consider 

the subject of the sentence. Thus, to extract the relationship between stem form and suffix that 

indicate tense. we constructed a bigram model of stem form with tense.  Here, frequency of each 

stem word with its respective tense is constructed. Perfective, imperfective, gerundive, and 

imperative or jussive are possible tense categories. Based on this information, the most likely tense 

indicator suffix for a given stem will predicted. The figure below shows the Algorithm for 

constructing a bigram model of stem form with tense 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

BEGIN  

INPUT tagged-training-corpus  

INITIALIZE LIST  

INITIALIZE DICTIONARY  

FOR each word in tagged-training-corpus:  

SPLIT each word by “^‟ and ADD each item to a LIST 

EXTRACT stem and tense using the item having “0‟ and “2” index from the list,  

ADD to DICTIONARY 

FOR each root-case-sequence in DICTIONARY: 

ASSIGN frequency=0  

IF stem-tense-sequence is new  

COUNT stem-tense-sequence and ASSIGN it to frequency  

WRITE stem -tense-sequence and frequency in a file  

OUTPUT stem-with-tense n-gram model  

END  

 Figure 5-11:The Algorithm for constructing a bigram model of stem form with tense. 
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Stem Words with other morphological information   

As described previously, In Afaan oromo language there is a long-distance dependence between 

noun and verb. In addition, in Afaan Oromo verbs must agree with their subject. In other word, 

verbs take suffixes that indicate subject agreement, specifically one of the seven basics 

person/number/gender categories of the language: first person singular and plural, second person 

singular and plural, third person singular masculine and feminine, and third person plural. 

Accordingly, we constructed a trigram model stem form with morphological feature such as 

number, person, and gender. For stem forms with person, the trigram of stem forms with person 

constructed from tagged training corpus. First person, second person and third person are possible 

categories. Based on this information, the most likely person indicator suffix for a given stem will 

predicted and used later to generate appropriate word surface.  

Finally, for number and gender the same model as stem forms with person is constructed and stored 

on their respective file. Masculine and feminine are possible categories for gender. Accordingly, 

the most probable gender indicator suffix for a given root or stem will stored to be used later by 

morphological generator.  Similarly, the most likely number indicator suffix for a given stem will 

stored to be used later by morphological generator. Figure 5.12 below shows the algorithm to build 

bigram stem words with number. 
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BEGIN 

INPUT tagged training corpus 

INITIALIZE LIST 

INITIALIZE DICTIONARY key root, Number   

READ value of N  

FOR each item in a tagged training corpus:  

  Extract each sentence by splitting <EOS>  

  FOR each item in a sentence:  

  Access the value of root and Number key from dictionary  

  EXTRACT root or stem form and Number   

ADD to DICTIONARY  

FOR each item in DICTIONARY 

If N==3:  

EXTRACT items on index of item, item +1 and item+2  

ADD sequence of item with root key value and last item Number key value to 

TRIGRAM DICTIONARY 

ELSE If N==2:  

EXTRACT items on index of item and item +1  

ADD sequence of item with root key value and last item Number key value to 

BIGRAM DICTIONARY 

ELSE If N==1:  

EXTRACT item  

ADD item with root and Number key value to UNIGRAM DICTIONARY 

IF root-number-sequence in TRIGRAM DICTIONARY: 

COUNT number of its occurrence, and ASSIGN value to frequency 

       ADD the frequency with their respective item to BACK OFF DICTIONARY 

ELSE IF root-Number-sequence in BIGRAM DICTIONARY: 

COUNT number of its occurrence, and ASSIGN value to frequency 

       ADD the frequency with their respective item to BACK OFF DICTIONARY 

ELSE IF root-Number-sequence in UNIGRAM DICTIONARY: 

COUNT number of its occurrence, and ASSIGN value to frequency 

       ADD the frequency with their respective item to BACK OFF DICTIONARY 

FOR each root-Number-sequence in BACK OFF DICTIONARY: 

ASSIGN frequency=0  

IF root-number-sequence is new  

COUNT root-number-sequence and ASSIGN it to frequency  

WRITE root-number-sequence and frequency in a file  

 

Figure 5-12:The algorithm for constructing Stem and Tense sequence 
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 Morphological Analysis of User Input 

This module analyzes words accepted from a user and extracts required morphological features. 

Context information like, number and person is captured from a user ‘s input to predict appropriate 

morphological features for the coming stem word. Hornmorph is used to analyze word inserted by 

the user. Thus, morphological features such as, gender, number, person, and stem form are stored 

on temporary list or dictionary. 

 Word sequence Prediction 

Prediction module predicts the most probable stem words and their morphological features using 

language models.  Thus, Prediction words has two components, the stem forms predictor and 

morphological feature predictor.  The stem forms predictor predicts the most probable stem forms.  

This component will estimate the most probable stem forms by computing the probability of the 

user input word or words in stem words bi-gram, tri-gram and hybrid model.  Bi-gram model 

predicts stem word based on previous single word from current position, whereas tri-gram predicts 

stem word based on preceding two words. Hybrid of bi-gram and tri-gram model predicts the next 

word by considering preceding one or two words. The hybrid model uses a back off algorithm.      

 

Finally, the stem forms predicted produces a list of 20 most probable stem forms. 

The second component, the morphological feature predictor will predict the probable 

morphological features for list of proposed stem forms produces by stem form predictor.  This 

means, each stem forms in prediction list checked for the most frequent case, tense, number and 

person in the language model.  Finally, the most frequent morphological features represented in a 

way that the morphological generator can understand it.  

Stem Word Prediction 

Morphologically analyzed user ‘s input and previously constructed stem words bi-gram, tri-gram 

and hybrid probabilistic models are used to propose suitable stem words. Here, n last root or stem 

words are fetched from analyzed user ‘s input, and then, top highly occurring 20 stem words 

following a given n stem words are extracted from the language model, where, n is 1 for bi-gram 

and 2 for tri-gram model. Figure 5.13 below shows the algorithm to predict stem word. 
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Morphological Feature Prediction  

Proposed stem words and previously constructed stem words with case, tense, number, gender and 

person n-gram sequence are used to propose the most probable morphological feature. Here, each 

proposed stem word is checked for the most frequent case, tense, number, gender and person in 

the n-gram sequence. In addition, the proposed morphological information needs to be represented 

in a way that the morphological generator can understand it. We have used similar algorithm to 

predict case, tense, number, gender and person. Figure 5.14 show the algorithms to predict 

morphological features. 

 

 

 

INPUT stem-word-model and user-input// bi-gram or tri-gram and user input  

READ last n words from a user-input//n=1 for bi-gram and 2 for tri-gram  

INITIALIZE stem-keyword  

INITIALIZE stem-word to “”  

ANALYSE the last n word using Hornmorph and WRITE it last-n-analyzed-input file READ last-

n-analyzed-input file  

FOR each word in the last-n-analyzed-input  

IF word is in stem-keyword  

CONCATINATE word with stem word  

READ stem words probability model  

FOR each word-sequence in -stem-word-model  

SPLIT the word-sequence to n 

IF stem-word == (n-1)thword or CONCATINATE (n-2)th word with (n-1)th word 

IF size of proposed-stem-words list is <20  

ADD the nth-word to proposed-stem-words list  

OUTPUT proposed stem-word list  

END Figure 5-13 :The algorithm to predict stem word 
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 Morphological Synthesis 

The proposed stem words with morphological features such as case, tense, number and person are 

used to produce surface word or word form.  As it is frequently mentioned in different sections of 

this study, Hornmorph morphological synthesis is used to produce correct words based on the 

proposed stem and morphological features.  

 

 

  

BEGIN  

INPUT stem-with-case sequence and proposed-stem-word list  

FOR each proposed-stem-word in the list  

FOR each stem-word in root-with-case sequence 

    IF proposed-stem-word equals stem-word in the case sequence  

READ case that comes with proposed-case-word  

ADD case to proposed-case list  

OUTPUT proposed-case list  

END  

 

Figure 5-14: The algorithms to predict morphological features 
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 CHAPTER SIX: IMPLEMENTATION AND EXPERMENT  

 

In this chapter, tools and data collection techniques that are used to develop prototype is presented.  

In addition, experiment is conducted to demonstrate the performance of developed word sequence 

prediction model presented. 

 

 Data collection and pre-processing 

The corpus for constructing the language model is collected from web document using web 

scraping technique. A web scraper script to navigate and extract text data from html documents on 

web pages is written using python programming language. A python urllib. request and bs4 

libraries are used for navigating through web page links and to extract text data from html 

respectively. Finally, a 6MB text data extract from four websites; 

https://www.afanoromo.fanabc.com, www.voaafaanoromoo.com,  www.gadaa.com and 

https://chilot.me/regional-laws/oromia-nrs-laws/ were stored on text file format. The sample 

python code for web scraping is attached on Annex 1.   

 

Additionally, 89 PDF files around 54 MB of size were collected from Internet via Google search 

engine and converted to text file using PYPDF python library. After transformation and pre-

processing including removal of pictures, tables, charts, figures and unnecessary texts the 

document size is reduced to 9.8 MB.  The detail python code for transforming and preprocessing 

pdf document attached on Annex 7. 

Finally, 11.8 MB raw text file is used to construct a language model. Before setting up corpus for 

language modeling it is essential to undertake several transformations and text pre-processing 

since the documents are collected from Internet. In general, 84, 952 sentences are used for 

constructing language model.   

  

https://www.afanoromo.fanabc.com/
http://www.voaafaanoromoo.com/
http://www.gadaa.com/
https://chilot.me/regional-laws/oromia-nrs-laws/
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Accordingly, the strategies and methods for transforming and pre-processing data for developing 

a model to predict sequence of words were identified and adopted based on Jurafsky and Martin's 

[7] [47] framework and recommendation. Thus, it is mandatory to customize this framework as it 

comfortable to this study.  Overall, the following tasks are identified and adopted for the purpose 

transforming and cleaning the corpus.   These are: 

❖ Sentence tokenization: sentences in corpus is tokenized by end of sentence marker (.!?) 

and replaced by <EOS> 

❖ Wordform: stemming is conducted to generate stem forms.   

❖ Punctuation: Even though, Jurafsky and Martin treat punctuation as a word, in this study 

all punctuation except apostrophe has been removed.    Apostrophe (hudhaa) is stored as 

they are since it has special function in Afaan Oromo writing.   

❖ Numbers: numbers are removed from the corpus based on the Jurafsky and Martin [ 7] 

intuition that numbers will not have a great impact on a predication model.   

❖ Whitespace: this was not discussed directly by Jurafsky and Martin. The intuition is that 

whitespace has little to do with context and excess whitespace in a text are removed.  

❖ various ASCI code, all single letter, website URLS and e-mail address is removed  

 

Test data set 

To evaluate the proposed model, a test set having total of 456 sentences is collected 

www.voaafaanoromoo.com.  We could not conduct the experiment with more test data due to low 

response time of the predictor. However, we believe the sentences used are representative.  

 

  

http://www.voaafaanoromoo.com/
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 THE PROTOTYPE 

In order to, evaluate the algorithms and make the necessary experiment on developed word 

sequence prediction models a prototype developed. The prototype has been developed using 

Python programming language. Figure 5.1 shows a user interface a protocol.   

 

 

Figure 6-1:User interface for prototype 

 

The prediction engine starts prediction task after users type one word in the text area and when 

space bar is pressed. Then the engine proposes the most probable twenty words and they displayed 

in a list box. Subsequently, a user clicks his or her preferred word from a given list of word options 

instead of typing each character. However, if the word that user require to type is not listed in a 

given option, then a user continues typing in normal way. Figure 6.2 shows a list of twenty most 

probable words generated by bigram model   
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Figure 6-2:List of twenty most probable words generated by Bigram model 
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 Experiment 

To evaluate the performance of the word sequence prediction models, the following experiments 

has been conducted.  As the main purpose of this study is to examine the factor of morphological 

information on word sequence prediction accuracy, the experiment for this study was carried out 

on two models. Both, model one and model are trained and tested on the same training and test 

set. Thus, the first experiment is conducted on Model One, that has been developed on language 

model developed using N-gram model (bigram and trigram model) without considering 

morphological information. The other experiment had conducted on language model constructed 

from stem forms bigram and trigram model with morphological features such case, tense, person, 

gender, and number indictors.   

 

Both models are evaluated based on prediction is accepted and appropriate if the proposed words 

are exactly as required by a user. Accordingly, for Model Two, even if, stem form of the proposed 

word is appropriate and the surface word formed by morphological generator is not exactly as user 

needed then prediction is assumed as inappropriate. Because, for this study we have no module to 

check the grammatical acceptance of word sequence.  Hence, we assumed a perfect user who does 

not make typing mistake and picks the appropriate word right away when it is displayed in the list 

of word proposals. Accordingly, to simplify the evaluation task, we evaluate the competence of 

prediction model to write a sentence in test set. This means, give one or two words that sentence 

begin with the model will proposed list of twenty probable words, then if next word in sentence is 

in prediction list it is acceptable prediction.  

 

Finally, the experiment conducted in this study evaluated based on obtained keystroke savings 

(KSS). KSS estimates saved effort percentage which is calculated based on (Eq.1.1) by comparing 

total number of keystrokes needed to type a text (KT) and effective number of keystrokes using 

word prediction (KE).  Table 6.1 shows the summary of test result. 
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Table 6:1:Test result 

 

 

  

 

Models 

 

Total word 

predicted correctly 

 

KT 

 

KE 

 

KSS 

 

 

Language model without 

morphological features  

Bigram  1,394 48,280 29,614 38.7% 

Trigram  1876 48,280 24,851 48.5% 

Hybrid of bi-gram 

and tri-gram  

 

1975 48,280 18,986 60.7% 

Language model with 

morphological features  

Bigram  1919 48,280 19,347 

 

60% 

Trigram  2129 48,280 15,593 67.7% 

Hybrid of bi-gram 

and tri-gram  

 

2404 48,280 11,376 76.4% 
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 Discussion 

 

The experiment has revealed that Word sequence prediction using a Language model with 

morphological features optimize keystroke savings. As it can be seen from Table 6.2, the results 

of the experiments show the better keystroke savings attained using a Language model with 

morphological features. As a result, the result of the experiment shows that how morphological 

feature influence prediction task, even though it is difficult to draw a firm conclusion based on 

findings.  In case of Model Two 60%, 67.7% and 76.4% keystroke savings is obtained using 

bigram, trigram and hybrid of bigram and trigram models. Even though, hybrid of bigram and 

trigram in model on perform better that bigram model of model two, the keystroke saving 

competence of Model Two dramatical increase for trigram and hybrid of bigram and trigram. In 

the case of model Two the keystroke saving obtained using bigram model is less compared with 

trigram and hybrid model. This is due to, even though the model predicts appropriate stem it is 

wrong wordform that it generates finally. Accordingly, we believe that the result in this work is 

promising and can be enhanced with addition of more linguistic resources in the language model. 
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 CHAPTER SEVEN: CONCLUSION AND FUTURE WORK 

  Conclusion 

The thrust of this study was to design Afaan Oromoo word sequence prediction model. Thus, we 

present a model that predict most probably based on statistical and morphological information of 

previous words. N-gram method was employed to construct a language model. In addition, 

morphological properties of Afaan Oromoo verb and noun have been extracted using Hornmorph 

morphological analyzer to develop language model from stem form with morphological feature 

such as tense, case, number, gender and person.  Accordingly, the model set out to suggest the next 

word to be typed by a user in three phases. Firstly, most probable stem forms are predicted using 

language model. Secondly, morphological features are predicted for the proposed stem forms. 

Lastly, the proposed root or stem word and morphological features are used by morphological 

synthesizer to generate appropriate surface words. 

 

To evaluate the performance of the word sequence model and support our conclusion with 

justification on how morphological features determine the accuracy of word prediction models we 

evaluate developed model by comparing it with a model that was developed without considering 

morphological feature. Accordingly, an experiment had been conducted based on Keystroke 

saving.  Consequently, the result of the experiment indicated the better KSS is achieved with the 

model constructed from N-gram and morphological information. In conclusion, the developed 

model has potential advantages since an effective word prediction can be carried out using very 

large corpus size, statistically based techniques, and linguistic feature. We believe that application 

of this technology is ample. More importantly, it has capability to bring benefits of fast text typing 

to virtual keyboards to assisting people with disabilities. 
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  FUTURE WORK 

Word prediction system demands deep understanding of structural and semantic features of 

language under consideration. Hence, it seems that there is a plethora of gaps for improving and 

modifying Afaan oromo word sequence prediction. To this end, we strongly believe that this kind 

of study can be further investigated in numerous ways to optimize the task of Afaan Oromoo word 

sequence prediction. Accordingly, some directions for future work are suggested below. 

 

❖ In this study, the language model built from stem forms, and morphological feature such 

as tense, case, person, gender and number are used. But, these morphological features are 

not sufficient. On the other hand, there is long-distance dependence between noun and 

verb. Thus, we recommend future studies on word sequence prediction to consider the 

long-distance dependence between words. 

❖ In this work, when predicting features like, tense, gender and number for a given stem 

form, the first highly frequent feature is used, but it is not necessarily correct proposal. 

Therefore, we recommend considering other methods along with highest frequency to 

make more precise feature prediction in future research niche of this kind. 

❖ Hornmorph program is a work in progress and it has some limitations. For instance, there 

are words that cannot be analyzed, wrongly processed or cannot be generated at all. In 

this work to keep the sequence of words, word which cannot processed by Hornmorph is 

taken as it is.  Due to this, training done with wrong morphological analysis result brings 

erroneous prediction output. Therefore, it is suggested to employee other method for 

classifying words in their part of speech class is recommended to upgrade Afaan oromo 

word sequence prediction work.  

 

❖ Even though, word sequence can be used as a component in spelling and grammar error 

correction system. Word sequence prediction requires a grammatical error detection and 

corrector modules. This resembles the adding, grammatically relation finder to capture 

grammatical relationship between words. On the other hand, In Afaan Oromoo spelling 

may result grammatical error.   Accordingly, for future studies on word prediction system 

to reduce cognitive load and increase keystroke saving requires considering spelling and 

grammar issue.   
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❖ Word sequence prediction also requires the consideration of multi-words. Nevertheless, 

this study is limited to consider multi-words. Thus, it is recommended for future work of 

this kind to consider. 

 

 

❖ In this work, Keystroke saving is used to evaluate the developed a word sequence model, 

However, there are also other evaluation metrics to be employed. Therefore, we suggest 

considering other evaluation metrics.  For instance, grammatical acceptance of word in 

given sequence can be used as evaluation metrics.  
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 ANNEXES 

ANNEX:1 A python code crawling particular web site   

from urllib. request import urlopen 

from bs4 import BeautifulSoup 

import datetime 

import random 

import re 

random.seed(datetime.datetime.now()) 

def getLinks(articleUrl): 

    html = urlopen("http://www.voaafaanoromoo.com"+articleUrl) 

    bsObj = BeautifulSoup(html) 

    return bsObj.find("div", {"id":"bodyContent"}).findAll("a", 

                    href=re.compile("^(/voaafaanoromoo/)((?!:).)*$")) 

links = getLinks("voaafaanoromoo.com/a") 

while len(links) > 0: 

    newArticle = links[random.randint(0, len(links)-1)].attrs["href"] 

    print(newArticle) 

    links = getLinks(newArticle) 
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Annex 2: A list of twenty most probable words generated by trigram model  
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Annex 3: A sample of word in tagged training corpus  
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Annex 4:  A web links scrawled by crawler script. 
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Annex 5:  A bigram sequence of stem with number  
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Annex 6:  A bigram sequence of stem with person  
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Annex 7:  Trigram sequence of stem 
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Annex 7:  A python code preprocessing PDF document   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

import PyPDF2 

import re 

import sys 

import os 

import codecs 

import string 

import nltk 

def create_dir(folder): 

    corpusdir = folder 

    if not os.path.isdir(corpusdir): 

        os.mkdir(corpusdir) 

def Read_pdf_file(file): 

    p_file = file 

    pdffile = open (p_file, 'rb') 

    pdfreader = PyPDF2.PdfFileReader(pdffile) 

    no_of_page = pdfreader.numPages 

    lis = [] 

    for page_no in range (no_of_page): 

        pageobj = pdfreader.getPage(page_no) 

        content = pageobj.extractText() 

        page = content  

        lis.append(page) 

    text = lis 

    pdffile.close() 

    return text 

def cleanInput(filepath): 

    cleInput = [] 

    text = Read_pdf_file(filepath) 

    stringfi = str(text) 

    strings = nltk.sent_tokenize(stringfi) 

    count = 0 

    for se in strings: 

        sen = strings [count] 

        for qu in sen: 

            clen = re.sub('\^[\n+?][.*?]', " ", sen) 

            clen = re.sub('\W', " ", clen) 

            clen = re.sub('\s', " ", clen) 

            clen = re.sub(' +', " ", clen) 

            clen = re.sub('\[[0-9*]\]', " ", clen) 

            clen = bytes(clen, "UTF-8") 

            clen = clen.decode("ascii", "ignore") 

            clen = clen.split(' ') 
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            for item in clen: 

                item = item.strip(string.punctuation) 

                if len(item)> 3: 

                    if item.startswith('n')and item[1].isupper() : 

                        item = item.strip('n') 

                        cleaninput.append(item) 

                    else:     

                        cleaninput.append(item) 

        cleInput.append(cleaninput) 

        count+=1 

    return cleInput 

def convertStri(list_stringf): 

    stringf = cleanInput(list_stringf) 

    count = 0 

    tokens = 0 

    corp = [] 

    for sent in stringf: 

        sent = stringf[count] 

        sent = ' ‘. join(sent)  

        word = nltk.word_tokenize(sent) 

        for i in word: 

            tokens = tokens + 1 

        if tokens > 4: 

            senr = sent.strip(string.punctuation) 

            senr = senr + '<EOS>'  

            corp.append(senr) 

        count +=1 

    han = " ".join(corp) 

    return han   

def out_put_file(file,Nfile): 

    pdf = file 

    paths = r’C: \Users\Toshiba\Desktop\UPDF\corpusor/' 

    create_dir(paths) 

    filena = Nfile 

    for t in pdf: 

        with open(paths+str(filena)+ '.txt', 'w', encoding ='ascii', errors = 'replace') as fout: 

            sys.stdout = fout 

            print(pdf) 

         


