Addis Ababa University,
College of Natural and Computational Sciences
School of Information Science

Amharic Spelling Error Detection and

Correction System:
Morphology-based Approach

Mariawit Shimelis

A thesis submitted in partial fulfillment of the requirements
for the Degree of Master of Science in Information Science

Addis Ababa University
Sept, 2020



Addis Ababa University,
College of Natural and Computational Sciences
School of Information Science

Amharic Spelling Error Detection and

Correction System:
Morphology-based Approach

Mariawit Shimelis

Name and signature of Members of the Examining Board

Michael Melese (PhD)

Advisor Signature Date

Martha Yifiru (PhD)

Examiner Signature Date

Solomon Teferra (PhD)

Examiner Signature Date



Declaration
This thesis is my original work and has not been submitted as a partial

requirement for a degree in any university.

Mariawit Shimelis Ibssa

The thesis has been submitted for examination with my approval as

university advisor.

Michael Melese (PhD)



In memory of my mom, Etew

.. Who has sacrificed her life to build mine



Acknowledgement

Before all, I would like to thank God and Virgin Mary for leading and following me in each
steps, for giving me the strength when I get weak, for showing me the way when | get lost and

for giving me grace to present my work.

Next, | would like to thank my advisor Dr. Michael Melese for supporting me from improving
my title to reading my document line by line and giving me comments. | also | wish to show

my gratitude to Dr. Melkamu for encouraging me to go forward.

| wish to express my deepest gratitude to my husband Ermy and my sister Abuti for supporting
and encouraging me in my journey of choosing a topic to presenting my final defense. Not
forgetting my dad and other family members who encouraged me to go on. I also want to thank
my friend Yodit for her kind support.



List of Tables

B Lo A R - - T ol e Yo f Y/ oY SR SRRPRPN 12
Table 2.2 Bound morphemes that express subject of a verb ..., 13
Table 2.3 Types of Verbs based on their number of radicals (Adopted from [25]) ....cceevvevcrieeiicnnnnnn. 14
Table 2.4 Formation of stems by redUction ProCeSS ........ccccueeeeciiiiieeiiiieee et et esre e e e e e eaaeee e 16
Table 2.5 TYPes Of dErIVEA VEIDS ....cco.eiiie et e e e e e e e eeaeae e e e aaeeeeas 17
Table 2.6 Non-word and real-word errors in AMariC.......coceeveeiieniiireeeeeee e 20
Table 2.7 Evaluation results for the experiment conducted for [20] ........cccoeieeiiiiieeciieee e, 32
Table 3.1 Sample rule definition ... e 47
Table 3.2 Distribution of defined FUIES .........coiiiiiiiiee e 49
Table 3.3 Summary of number of test cases use in spell checking researches .......ccccccccevvvcveeeeicinennnn. 50
Table 3.4 Disaggregation of verbs and nouns in Test Case One by derivation type......ccccccevevrvunennn. 51
Table 3.5 Composition of the dictionary based on the category of the stem words ........cccccevevnneenn. 52
Table 3.6 Selection of verbs inside the dictionary as per their categories......ccccccvvvevcveeiiicieeeeccneeen. 53
Table 3.7 A confusion matrix showing classification of results of the experiment ...........ccccoeeeeenneennn. 54
Table 4.1 Calculation to compute weights on distance calculator .........ccccccoeieeiiiiecciiiee e, 69
Table 4.2 Structure of morphological eNeration rUIES..........eeeeciieieciiie e 72
Table 5.1 Results from analysis of cOmMmMON error Patterns........cccceeeecciieeeeciiee e e 78

Table 5.2 Results from analysis of common error patterns disaggregated by location & cause of
=T o TP PP OPPPPTPTN 78

Table 5.3 Distance computation between a0l and its inflections with existing distance calculation

F ] F=do ] 1 ' [P URR 79
Table 5.4 Distance computation between a04 and its inflections with the distance calculator.......... 80
Table 5.5 Evaluation results of Test Case One disaggregated by derivation style..........ccccccvveveinneennn. 86
Table 5.6 Evaluation metric results of Test Case One disaggregated by derivation style..................... 87
Table 5.7 EValUQTioNn FESUIES ....cccuuiiiieeie et et e e e s e s meeesaneeeaee 88
Table 5.8 Results of the experiment in a confusion MatriX ........cccceeeeiiiiiieiiiiieeccee e 89

Table 5.9 Evaluation results for spelling corrector of the system .........cccccccveieiiiiiiecciiie e, 89



List of Figures

Fig. 3.1 DSRM Process Model (Adopted from [32]) ..cccuviiieciiie ettt 45
Fig. 4.1 General Architecture of the SYStEM .......c.uiii et 58
Fig. 4.2 Detailed Architecture of the SYStem ... e 59
Fig. 4.3 n-grams generated from the word AP0004 (8yasababard)........cccceeveeieiniinienieenieneeneeseee 62
Fig. 4.4 Values used by the distance calculator ........oocuiiiiiiiii e 68
Fig. 4.5 Distance between characters by family and order ... 68

Fig. 4.6 Distance calculation to calculate the difference between a0 (sébbdrac) and eans-+

(YASADDEIUL) ..ttt b e st sttt e bt e bt s bt e et e et et e e nbeesaeesaneeas 71
Fig. 4.7 Stem and derivation pattern to inflect the word (04 (sdbard) to A00¢- (sdbabara-).............. 73

Fig. 4.8 Stem and derivation pattern to change the noun A1C (agér) to its plural form A1+ (agiroC)

.............................................................................................................................................................. 73
Fig. 4.9 A flowchart that depicts the workflow used by the system.......ccccccveeiiiiiiiiiiiiccc e, 75
Fig. 4.10 Spell checking steps of the wrongly spelled word A28 tAaPar 8 Fy-0Fo-G
(ondatalaMAMAdaCoONUDACAWONA) .......cuvveeieieiieeeeeeeee ettt ettt et e ettt r et restenesaens 76
Fig. 5.1 GUI of the prototype — spell checking the valid word 7A@+ (halafiwog) .......c.ccceveeeveverenene. 81
Fig. 5.2 GUI of the prototype — spell checking the invalid word 2&9Pé (hédowal) and giving
SUBEESTIONS eveiiiiiiiiiiiiiieee e s siiitit et e e e e s ssstraeeeeeesessabbebeeeeeessssssbeaaaeeessaassssseaaaeeesssnssssreaeeeessssssssssraeeesesnnas 81
Fig. 5.3 TOKeNization Of TEST CASE 2.....uuiiiiiciiiieieciiie et ee ettt e e et e e e etre e e e aa e e esaete e e ssataeeesansseeessnnseeaens 82

Fig. 5.4 Output of the spell checking procedures by the system........cccoceeriiiiiiiiniiiiniee e 85



List of Listings

Listing 4.1 General algorithm used by the spell checker ... 57
Listing 4.2 Algorithm to tokenize block of text to words [40] ........ccovcieieeiiiieeeieee e 60
Listing 4.3 Algorithm to search the dictionary lookup component .........cccccveeeeiciieeeeciieee e 61
Listing 4.4 Algorithm to split a given word into N-grams [41] .....c.ceevviiiiiiiiiiieeeec e 62
Listing 4.5 Algorithm used tO filter FUIES........eii i 64
Listing 4.6 Algorithm used to generate derivation pattern .......ccceeeceeeiieniiienec e 66
Listing 4.7 Algorithm used to reverse derived word t0 itsS SteM.......ccccveiiiiiiiiiiiiiiee e 66

Listing 4.8 Algorithm to calculate distance between two WOords..........ooceeriiiiiiieniieeneenec e 70



Abstract

Nowadays, it is a common practice to notice spelling errors in typed Amharic documents. As
Ambharic is the official working language of Ethiopia and the second most spoken Semitic language
in the world, the need to have an Amharic spelling error detection and correction system is evident.

Previous attempts are made to develop a spell checker for Amharic. These works have attempted
to use existing approaches likes metaphone and edit distance algorithms. However, these
approaches are designed for languages which have a simple morphology like English. Moreover,
unlike Amharic, in other languages distance between words is not dependent on the family and
order of characters. As a result, using these approaches for a language with complex morphology
like Amharic will not give the anticipated result. Similarly, using existing morphological analyzers
for computational morphology is attempted in other works. Though the analyzers were reported to
work with reasonable accuracy for valid words, their output for misspelled words is not clear.
Accordingly, this study attempts to investigate the possibility of using morphology-based approach
to design and develop an Amharic typing error detection and correction system for non-word
errors.

Design science methodology is employed in this study. It involves six activities namely, problem
identification and motivation, defining objectives, design and development, demonstration,
evaluation and communication. To carry out the experiment 717 morphological rules are defined,
2398 stem words selected from each category of root words are stored and the system has been
tested with 1724 words selected from different derivational and inflectional categories. A prototype
is developed using python programming language and it uses three knowledge bases which are
stored in csv format. To evaluate the system, evaluation metrics precision, recall and predictive
accuracy are used.

The experimental results show 96% Lexical Recall, 89% Error Recall, 99% Lexical Precision, 70%
Error Precision, 95% Predictive Accuracy and 70% corrections are generated for correctly
identified invalid words. This shows that the system has high accuracy in flagging words as valid/
invalid and needs some improvement in suggestion generation.

The system gives a good accuracy for selected words (with complex morphology) which are
representative of words in the languages. Accordingly, it is concluded that the system is capable of
detecting and correcting errors as long as the correct rule definition is defined and the
corresponding stem is found inside the dictionary. It is also concluded that by applying the
algorithms proposed for morphological analysis and distance calculation, morphology-based
approach is suitable for Amharic spell checking than other approaches.

For future works, improving rule definitions by including word classes, handling exceptions,
including additional spell checker functionalities, expanding the work to include real-word errors
and applying the proposed architecture for Amharic-English translation systems are
recommended.

Keywords: Spell Checker, Morphology-based approach, n-gram, Morphology
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CHAPTER ONE
INTRODUCTION

1.1. Background

Communication is the exchange of information by speaking, writing, or using some other
medium [1]. One of the methods of communication among humans is language. It is either
spoken or written, consisting of the use of words in a structured and conventional way. Out
of languages spoken in the world, over 85 of them (which are in different language branches)
are spoken in Ethiopia [2]. Linguistic experts divide Ethiopian languages into Semitic,

Cushitic, Omotic and Nilo-Saharan branches [3].

Among the Semitic languages, Amharic is the official working language of Ethiopia
government and the second most-spoken Semitic language in the world, next to Arabic [4]. It
is an Afro-Asiatic language of the Semitic branch and is a member of the Ethio-semitic group.

It is a common practice to use word processing applications to type Amharic texts. The focus
of this research is in one of the integrated functionalities in word processing application called
spell checking. Spell checker is one of the areas of natural language processing applications
and it is a tool that checks if words are written in the correct spelling in a text file and suggests

possible alternatives for wrongly spelled words [5].

Spell checking involves two steps, namely spelling error detection and spelling error
correction. In the first step, a word is identified as correctly spelled or not. In the second step,
corrections close to the misspelled word are given and replaced with the correct word [6][7].
One of the main tasks in spell checking is computational morphology. It is the study of

morphological analysis and generation of words.

There are two general approaches in computational morphology: rule-based and corpus-based
approaches [8] [9]. The rule-based approach involves storing lexicon and morphological rules
of the language. In order for this approach to be effective, rules that define the morphology of
the language have to be defined with the involvement of a linguistic expert [8]. This approach
is very effective as long as all rules are defined and every lexicon is stored [9]. The main
drawback with this approach is defining every rule, which is costly and time-consuming [8][9].



Corpus-based approach involves supervised or unsupervised machine learning from annotated
or unannotated corpus respectively [8]. In this approach, linguistic knowledge is extracted from
the given corpus and trained to the system [8]. Supervised approach learns by example from
an annotated corpora while unsupervised approach learns from raw unannotated corpora [8]
[9]. Some of the supervised machine learning approaches are Inductive Logic Reasoning,

Support Vector Machine, Hidden Markov Model, Memory-based Learning [8].

Among the main techniques identified for spelling error detection, dictionary look-up involves
checking whether a word is correct or not by searching it in a stored knowledge base of roots,
derivations and inflections [10]. A word not found in the collection of words is flagged as
invalid. The disadvantages with this technique arises because storing every word in the
language is a challenging task, especially for complex languages like Amharic. In addition,
searching a single word in large set of words becomes time-consuming [11]. To solve this
problem, a technique called hashing is proposed. In hashing, each word is given an address or
a key and instead of searching for the word, the system searches for a key related with the word
inside a hash table. Even if this technique improves the efficiency in dictionary look-up
technique, it still doesn’t apply to Amharic because it has a very complex derivational and

inflectional morphology [12].

Another error detection approach is n-gram analysis. It works by comparing sequence of n-
letter subsequences with n-gram frequencies which are stored in an n-dimensional matrix [13].
If a unigram, bigram or trigram is missing, the word is flagged as invalid. This technique
requires n-gram statistics generated from large corpora. This approach cannot be applied to
Ambharic because it needs a large corpus and such a large corpus is not currently available for

morphological rich languages like Amharic [9].

Morphology-based approach is another spell checking approach [5] [12] [14]. It involves
formulation of morphological analysis and generation rules and testing the given word against
the list of rules. It uses morphological rules to remove affixes and reverse the word to its root
[12]. In most cases, it uses a dictionary of root words (lexicon) to search for the resulting root
after morphological analysis [12].

Among the approaches for spelling error correction, Edit Distance, n-gram-based Technique,
Probabilistic technique, Rule-based Technique, Similarity Keys and Neural Networks can be

mentioned.



Edit Distance Technique works by calculating the distance (difference between the words) by
comparing the length, order of characters, first and last characters and other features of the
words [10].

N-gram based technique can be used in three manners: error detection, candidate suggestion
and rank similarity. N-gram approach helps to avoid the ambiguity that is occurred when two
or more generated words have equal distance. It works by comparing the previous and next
words in the given paragraph [10] while probabilistic technique works based on some statistical
features of the language. There are different types of probabilistic techniques. For example,
transition probabilities give the probability of a given letter or sequence of letters being

followed by any other given letter [11].

Rule-based Approach for spelling correction involves defining a set of rules that capture
common spelling and typographic errors and applying these rules to the misspelled word [11].
In similarity key technique, every word is assigned a key and similar words will have similar
or the same keys. The key to the misspelled word is computed and words with similar key
values to it will be generated as candidate suggestions for the misspelled word [7] [11]. Noisy
Channel Model is a neural network model that works by treating the misspelled word as if a
correctly spelled word had been misrepresented when it passes through noisy communication
channel [15].

In this study, an attempt is made to study existing spell checking approaches, identify benefits
and drawbacks and apply morphology-based approach for detection and correction of spelling

errors in Amharic.

1.2. Motivation

It is a very common practice to see a lot of spelling errors on typed Amharic documents. Most
people who type Amharic make mistakes and do not even notice it. In printing presses, they
have a dedicated personnel to go through typed documents, identify wrongly spelled words and
make corrections. Even after this process, it is still very common to see spelling errors on
printed materials. This implies the need for an efficient and accurate spell checker that can be

integrated with word processing applications.

Previous attempts are made for the development of an Amharic spell checker. One of the
attempts was made using a hybrid approach [16]. The proposed system uses metaphone



algorithm for error detection and edit distance algorithm for error correction. Metaphone
algorithm is specifically designed for languages like English [13]. Amharic has highly complex
morphology compared to English. The huge difference in the nature of morphology of the two
languages and the language branch they belong to is not considered in this study.

Edit distance algorithm is used for correction of invalid words in this research. Edit distance
algorithm requires a large set of stems, inflected and derived words. This is difficult to achieve
because storing all root and derived words is a cumbersome task. A single Amharic word can
have up to 2000 derivations. The Amharic dictionary published by Ethiopian Language Studies
contains 7127 verbs, 11,359 nouns, 4122 adjectives, and 239 adverbs [17]. That makes the
number of root words more than 22,000. The application of such complex derivations on
22,000 root words would result in a huge number of derivations. That means one has to store
millions of words in order for the error corrector to work. Searching a word closer to a single
word in this large set of words is very time-consuming and inefficient. In addition, finding and
collecting all words in Amharic is very challenging because the amount of Amharic corpus

found online is very small compared to the whole set [9].

The same gap exists for another attempt that uses dictionary look-up approach with hashing to
build a multi-lingual spell checker for five Ethiopian languages [18]. In this study, to detect
and correct an invalid word, the process requires to search the dictionary of list of words twice
i.e. to search for a matching word (detection) and to look for a closer word to the misspelled
word (correction). Although the system proposes hashing for better performance, it is still a lot

of work given the huge number of derivations of Amharic.

Another attempt uses morphological information of Amharic to detect Amharic spelling errors
[12]. The study is focused on detection of spelling errors in Amharic verbs only. Correction of
errors and spelling error detection in other parts of speech is out of the scope of this study. A
morphology-based approach is also used for Afaan Oromo which is found in the Cushitic
branch of languages [5]. The attempt uses morphology-based approach to detect errors.
However, the same proposed architecture cannot be applied to Amharic because of the
difference in the morphological nature of the two languages. Amharic is a Semitic language
and Afaan Oromo is under Cushitic branch. Even if both exhibit a complex morphology, the
fact that the two languages are in different language branches makes their morphology
different. In addition, Latin characters are used to type text in Afaan Oromo. As a result, using
edit distance for ranking suggestions may work well. This is not the case in Amharic because



it is written with Ge’ez script and using edit distance algorithm to calculate distance between

two Amharic words does not give the intended result (Section 5.2.2).

This drawback with Levenshtein edit distance approach to generate suggestions is not taken
into consideration in other two Ambharic spell checking studies [13] [19] [20]. One of these
attempts applies morphological analyzer tool for detection and edit distance for correction of
errors [20]. This study does not consider words with more than one prefixes/ suffixes.

In this study, available morphological analyzers for Amharic are not employed. Though the
analyzers were reported to work with reasonable accuracy for valid words, their outputs for
invalid (misspelled) words are not clear. Assuming the analyzers show that a misspelled word
cannot be analyzed and give a definite answer, the response will help only to identify the
validity of the word. However, the spelling corrector requires the whole path of the analysis

(not only the final outputs) to generate appropriate suggestions.

This study intends to solve problems and drawbacks with existing spell checking research
works (discussed above) and propose morphology-based approach for detection and correction
of Amharic typing errors. It uses a manually stored set of morphological rules to identify
spelling errors and give closer suggestions for invalid words. It also intends to solve the
problem with efficiency of morphology-based systems by applying an algorithm that filters
suitable rules and searches stem words based on the POS it belongs to and the number of
characters it contains. It also presents the problem with existing distance calculation algorithms
and proposes a new distance calculating algorithm that is particularly designed for Amharic
(Section 4.3 vi).

1.3. Problem Statement

Semitic languages like Amharic are characterized by their relatively complex morphology [21].
In addition to the complexity, the amount of resources about the language are minimal.
Amharic is one of the morphologically complex languages with a root-pattern morphology.
Root is defined as “a set of consonants, which has a basic lexical meaning” [8]. A single root
word (verb, adjective, adverb or noun) can take prefix, suffix or affixes and result in a
significant number of derivations (Appendix 5). The resulting derivations could be phrases or

even sentences with a full meaning [8].



Ambharic uses different affixes to create inflectional and derivational morpheme. Affixation can
be prefix, infix, suffix, and circumfix [8]. Amharic verbs can take up to four prefixes and five

suffixes, and the affixes exhibit a complex set of co-occurrence rules [22].

Derived verbs in Amharic reflect number, gender, tense, aspect and mood. Amharic derivations
can be categorized into several classifications. Passive, causative, reciprocal, Affirmative/
negative, relativization are some of the classifications. Verbs can also take prepositions and

conjunctions [22].
Example
Root word = &-9°-£ (I-m-d) , Stem = aae@~ (limddd-)

AP TATISTFU-VFDG = AP + + + ATI0 8 + Wy~ + OFD- + §

ayd + td + limaméd + acsahu + bacéwa + na

Prefixes Suffixes

In addition to the morphological complexity, Amharic language has several ambiguities in the
writing system [13]. In Amharic writing, there are several phonetic redundancies. For instance,
the character ha can be represented by: v, 7, 4, -, -1, 5, and ; the character sa can be represented

by a, w; the character ‘a’ can be represented by &, &, 0, %; the character sa can be represented

by &, 8. Amharic also has visually redundant characters like @ and @, 7 and -, 7~ and 7, ¢ and
2, T and 7, which are used interchangeably. There are occasions where there is a substitution
of characters. For example, ¢° is substituted for 7 when it comes before n. For instance, 4704
/anbasa/ is also written as A9°Na /ambé&sa/. Moreover, on some occasions, prefix omissions

occur when a consonant is followed by a vowel. For example, eaec /ydayaral is also written as

oec lyayaral.

Writers might use ge’ez characters in place of canonical Amharic characters. For example, one
might type & to type v-&. Another misspelling occurs when writers use both Amharic and
Ge’ez pluralization technique. For example, to change +A9° to its plural form, one has to use
+A9>F (Amharic form) or A9t (Ge’ez format). However, people usually make a mistake of
using both and writing ¢ae?#. On top of this, sounds which are made with lips and softpalate
(labiovelars) like ¢ could be written separated in words like A4, which can also be written as
ane.



The same word can have different dialects and such words can be written in two or more
different forms. e.g. am. Vs %%. In addition, words that are taken from foreign languages may

not be written as the native speakers pronounce it. e.g. hcz Vs hcn?.
Ambharic related systems are challenging to develop because of the above-mentioned facts.

Because of the complexity of the language, the main challenge in Amharic spell checking arises
when it tries to detect errors in derived and inflected words [12]. The spell checker uses a
dictionary of words at some point [12], but storing every word in the language is time
consuming and costly task. Accordingly, finding a way to identify spelling errors for derived
and inflected words and storing only stem words is a better option. As discussed in Section 1.2,
previous research works tend to have gaps in some way. The study aims to fill the gap with

previous works and propose a better approach for improvement.

The study attempts to apply and evaluate morphology-based approach (morphological rules of
the language) for Amharic spelling error detection and correction. It evaluates the capability of
calculating distance between Amharic words by experimenting on existing distance calculation
algorithms. The study proposes an efficient way for rule filtering and searching stems. It also

proposes a new distance calculator algorithm specially designed for Amharic.
This study answers the following research questions:

e To what extent spelling errors in Amharic can be detected and corrected using
morphology-based approach?
e Is morphology-based approach more suitable for Amharic spelling error detection and

correction than other spell checking approaches?

1.4. Objective

1.4.1.  General Objective

The general objective of the study is to investigate the possibility of using morphology-based
approach to design and develop an Amharic spelling® or typing error detection and correction

system.

Y In this research, the term ‘spelling' is used to refer to the order of characters that give a meaningful word. The author has used the word
‘Spelling Error' for Amharic in the same context. However, since each sound in Amharic has its own dedicated character, it does not apply to
Ambharic. People who type Amharic make ‘Typographic Error’ not ‘Spelling Error’. Due to its common use, the phrase ‘Spelling Error’ is
used instead of ‘Typing Error’.



1.4.2.  Specific Objectives

The specific objectives of the research are to:
e Review related research works to identify the state-of-the art in spell checking.

e Define rules that represent prepositions, prefixes, suffixes, conjunction and derivation

patterns of inflected and derived words.

e Design an architecture to detect incorrectly spelled words and suggest closer

corrections.
e Prepare test cases from different Amharic documents and texts.

e Develop an algorithm that identifies incorrectly spelled Amharic words as invalid,

generates closer suggestions to the misspelled word and ranks suggested words.

e Develop a prototype that implements the designed architecture and the defined

morphological rules.

e Test and evaluate the prototype against the test cases.

1.5. Significance of the Study

This study is significant in such a way that it fills the gap in using morphology-based approach
for Amharic spell checking by proposing an algorithm that handles the complex morphology
of Amharic and the complex nature of having multiple affixes in a single word. It also avoids
the problem with suggestion generation by proposing a new distance calculator that works

particularly for Amharic.

It also contributes as an input for further research works in the same area. The architecture
proposed in this research can be reused or improved and used for future works. Moreover, it

opens path for more advanced applications in which contextual checking would be included.

It is the author’s strong belief that it would be a good input for other spell-checking researches
and applications. It could also help as an input for translation studies from Amharic to other
languages and vice versa. Amharic-English printed dictionaries give the translation of stem

words only. Studies for translation of derived words can follow the morphological rules



presented in this study. Derived words which have the same morphological pattern would
follow the same translation pattern. For instance, ‘A?0Au- 1@-::’ can be translated to English as
‘I am eating’. Similarly, a sentence which contains the same morphological rule like ‘AP0~

1o-::> can be translated by the system as ‘I am listening’.

1.6. Scope and Limitation of the Study

This study only covers detection and correction of Amharic non-word errors on a word
processing application. It identifies correctly spelled words as valid and incorrectly spelled
words as invalid and gives a closer suggestion to misspelled words. Real-word errors are out
of the scope of this research. The research is mainly focused on non-word errors with common
derivations. Words with unique and exceptional derivations are not considered here. Though
one of the reasons to choose python for implementation is to integrate the system with word
processing applications, the integration is not through due to time constraint. Due to the same
reason, additional functionalities of a spell checker other than detection and correction of errors
is not implemented. The prototype is a stand-alone application that has its own GUI to enter

candidate words and generate suggestions for invalid ones.

All morphological rules and all stem words are not stored for this study. However, a total of
717 morphological rules which are representative of noun and verbal derivation patterns
(Section 3.2 iv) are defined. These rules are representative of more than 13 complex derivations
patterns defined by linguistic experts [23][24]. This can assure that a system tested with such

rules will have a similar performance when more rules are added.

The researcher was not able to find a linguistic expert that can assist in defining rules. However,
books and articles written by linguistic experts are referenced and used. As a result, the rules
are defined from facts taken such books and articles [23] [24] [25]. There might be a possibility
of making a mistake in the rule definitions because the expertise of the researcher is not in

linguistic area.

There is no standard to write compound words in Amharic [26]. They can be written in three
ways: (a) separated by a hyphen like v1-ao7atvt and ai-9°90c, (b) separated by a space like
+PUCT (bt and P8 aé [24], (¢) concatenated in one word like NZF9°Me: 4A9°A+e [23]. In this
study, it is assumed that compound words are written either separated by a hyphen or as a single

word. Compound words separated by a space are not considered.



The average processing time to spell check a word was not measured. Because, the main aim
of this research is to evaluate the capability of morphology-based approach in detecting and

correcting errors.

1.7. Organization of the Thesis

This research paper is organized in six different but interrelated chapters. The first chapter
starts by discussing the background of the research work including Amharic language, spell
checking approaches followed by motivation of the study, statement of the problem, objective
of the study including general and specific, methodology, significance of the study and finally

scope and limitation of the study are discussed in detail.

Chapter two discusses basic theoretical concepts about the Amharic language, its morphology,
spelling error types, existing spell checking approaches and spell checking algorithms for
Ambharic and other languages. Chapter three discusses the research methodology employed, the
process model which includes explanation of the preparation of test cases, preparation of the
dictionary of stems and evaluation metrics used. Chapter four discusses the general architecture
and design, the designed Ambharic spelling error detection and correction algorithm and the rule
definition structure designed as an input for the algorithm. Moreover, stored knowledge base
components used by the prototype are discussed. Chapter five discusses preliminary
experiment and analysis performed prior to the main experiment, development tools used,
prototype used to test the system, evaluation and test results found from the main experiment.
Chapter six presents conclusions and recommendations concluded from the experimental

results.



CHAPTER TWO
LITERATURE REVIEW

2.1 Overview

This chapter discusses basic theoretical concepts about the Amharic language, its morphology,
spelling error types, existing spell checking approaches and spell checking algorithms for
Ambharic and other languages. Section 2.2 discusses the origin of the Amharic language and its
morphological nature. Section 2.3 discusses general spelling error types for other languages
and Amharic. Section 2.4 explains the different spelling error detection and correction
approaches. Section 2.5 presents existing algorithms developed for spell checking. Section 2.6
presents review of existing spell checking research works for Amharic, Afaan Oromo and
Arabic. Morphological analysis works by other scholars is as well discussed as part of the
related works section.

2.2 Amharic language

Ambharic is an Afro-asiatic language of the Semitic branch and is a member of the Ethio-semitic
group [7]. A research shows that studying the origin of Amharic indicates that it is a hybrid of
Semitic, Cushitic, Omotic and Nilo-Saharan language, even though its Semitic nature
dominates [27]. Looking at the history of the origin of Amharic, the birth of Amharic starts
when Semitic-speaking people start to build South Arabic civilization in Eritrea and Axum in

the first three centuries A.D.

In the middle of the fourth century, the mission reached the region that was later recognized as
Ambhara [27]. The military comprised of Semitic-speaking leaders, who speak pre-Ambharic
(originated from Ge’ez), large number of Agew, Omotic and Cushitic speaking military
members and Nilo-Saharan speaking servants. This diverse combination of languages

eventually creates a language with Semitic Lexicon and Cushomotic syntax namely Amharic.

Ge’ez is a purely Semitic language and its origin goes back to South Arabia [27]. As Ge’ez
being a parent of Amharic, this relates Amharic to Arabic and Tigrigna. However, the syntax
of Amharic resembles Oromo, Somali, Welamo and other languages of neighboring Cushitic

and Omotic groups than Tigrinya, Ge’ez or Classical Arabic.



2.2.1 Morphology of Amharic

Semitic languages like Amharic are characterized by their complex morphology. It is related
to other Semitic languages such as Hebrew, Arabic and Syrian. It is the second populous

Semitic language, after Arabic [9].

Ambaric is written using a script that grew out of the Ge'ez abugida called ‘Fidel' and
‘Abugida’. The character set contains 33 base characters vertically listed with seven columns,
which gives 231 characters in total. About 310 characters are used to type Amharic [2].

Ambharic is written from left to right separated by double dots (:) or white space [13].

Ambharic language is characterized by its complex morphology and it exhibits a root-pattern
morphology. Root comprises of a set of consonants with a basic lexical meaning [7].
Consonants /Radicals/ in Amharic are six-order characters on the Amharic writing system,

‘fidel’. Roots are divided into four basic root types [25].

Root Type Example

1 1-2-3 s-b-r-
2 1-1-2 S-S-t-
3 1-2-2 I-k'-K'-
4 1-2-1 W-r-W-

Table 2.1 Basic root types
The first type of root consists of three different sixth order character, whereas the second one
comprises of two similar sixth order characters followed by another one. The third one
comprises of a sixth order character followed by two similar sixth order characters. The forth
one consists of a sixth order character followed by another character, again followed by a

character which is the same as the first one.

Parts of speech in Amharic can be categorized into six: nouns, verbs, adjectives, pronouns,
prepositions and conjunctions [24].

The first four categories give a sense or pictorial image to the receiver of the message by
themselves, whereas prepositions and conjunctions do not give sense of meaning without
combining with other parts of speech [24]. However, when used in combination with words
that stand by themselves, they partake in functionalities like comparison. For example, the
word 478 /endd/ does not give meaning by itself. However, if the noun A70N4a /anbasd/ comes

after it, it gives the meaning ‘like a lion’.



Words that stand by themselves have a tendency to change their shape and the others do not
[24]. For example, appending the suffix -@- /-u/ at the end of A4 /anbasd/ gives A70AMm-
/anbasaw/ - ‘the lion’, which implies the speaker is talking about a specific lion. Such words

can change their shape to show number, gender, aspect, tense, mood and person [24] [9].

Words that stand by themselves can change their shape and produce new words. For example,
the word A7N4 /anbdsd/ can take the suffix -+ /ndt/ and give A70Art /anb&sénat/, which gives

the meaning ‘being a lion’.

Verbs

Verbs in Amharic are characterized by two special features [23]. First, it appears at the end of
a sentence and second, it contains a bound morpheme that indicates the subject of the action.
For Example, in the sentence ics»¢ ane, the verb ane /sébbard/ = anc-& /sabbar- &/ is located
at the end of the sentence and the bound morpheme ‘- & shows that the subject of the action is

‘he’. The following table shows bound morphemes that express the subject of a verb.

Word Suffix Subject
anet sabbar-a¢ -4C She

ane sabbar-3 -3 He

ang sabbéar-u -u They

aNc? sabbarr-n -n We

anca sabbarr-s -$ you /female/
anch sabbar-k -k you /male/

Table 2.2 Bound morphemes that express subject of a verb
As shown on Table 2.2, bound morphemes -ac, -&, -u, -n, -s and -k express the subjects She,

He, They, We, You/female/ and You/male/ respectively.

It is claimed that verbs can be divided into three based on the number of consonantal radicals
in their stem: bi-radicals, tri-radicals and quadri-radicals [23]. On the contrary, another article
claims the number of consonantal radicals ranges from one to six. An argument is presented to

this claim and shows that all verbs are derivations of tri-radical verbs [25].

Apart from the disagreement of the linguistic experts, the following are the known/identified
types of verbs based on the number of consonantal radicals. Amharic verbs can have up to six

root consonants.



1) Mono-radical Verbs [25]

2) Bi-radical verbs — contain two characters after passing through the process of root-
reduction from three-radical verbs [9] [25]

3) Tri-radical verbs — contain three characters and they are the basic types or the origins
of other types of verbs [9] [25]

4) Quadri-radical verbs contain four characters and they are extended from three-radical
verbs [9] [25]

5) Quinqui-radical verbs contain five characters and they are extended from three-
radical verbs [25]

6) Sexi-radicals contain six characters and they are extended from three-radical verbs [25]

The following table shows examples of the different types of verbs.

Type of Verb Example Phonetic Representation  Translation
Mono-radical q- -Sa- desire
- +a-- taw- leave
Bi-radical . St sell
Tri-radical anc- sabr- break
AgPL:- ldmd- get used to
o 1A0P- gélbit'- turn over
Quadri-radical ANTF- salSit’- fed up
Quinqui-radical P 7r7rC- -Sk’anat’t'ir- through away violently

Sexi-radical

Table 2.3 Types of Verbs based on their number of radicals (Adopted from [25])

Stem Formulation

Tri-radical verbs go through Internal extension (germination and reduplication) and external

extension (epenthesis) processes and give stems with more than or less than three radicals[25].
. Extension

Extension is a process of formation of stems from root verbs having more than three radicals
[25]. The process is categorized into internal extension (germination and reduplication) and

external extension (epenthesis) [25] [9].



a) Internal Extension

Internal extension (germination and reduplication) of radicals of tri-radical roots articulates
verbal features like aspect (perfective) and adverbial features like manner (intensity, iterativity,
and attenuativity) [25].

)} Gemination

Gemination is a kind of root extension that involves germination of the ultimate radical
(attenuative) or both the ultimate and the penult radicals? (intensive) [25]. For example, in the
root verb s-b-r, the ultimate radical —r- and the penult radical -b- change their form to create
the intensive stem stbbirr-. Intensive stems insert the epenthetic vowel + in the germination
process. The ultimate radical —r- changed its form to create the attenuative stem sabarr-. In
order to give a meaning by themselves, intensive and attenuative stems take the auxiliary verb

al- to form compound forms like sibbirr ala, sibbirr- al4C, sabarr als, sabarr alac.

i) Reduplication
Reduplication is a kind of root extension that indicates an iterative action. It is in turn divided
into two [25].
Total reduplication is formed by reduplicating attenuative and intensive stems [25]. For
instance, the intensive and attenuative stems stbbirr- and sabarr- can extend to stbbirr- stbb+rr-

and sabarr- sabarr- to form total reduplications. Such extensions combine with auxiliary verbs

aderreg- and al- to form compound forms like stbbirr- stbbirr- aderrega and sabarr- sabarr-

ala.

Partial reduplications reduplicate part of their radicals to show intensity of actions [25]. There

are three types.

In first degree partial reduplication, the penult radical is reduplicated [25]. For example, s-b-
r- goes through first degree partial reduplication to create the iterative perfective stem

sababbar- which gives the meaning ‘break repeatedly’.

In second degree partial reduplication, ultimate and penult radicals are reduplicated and penult
radical is geminated [25]. For example, s-b-r- goes through second degree partial reduplication

to create the iterative intensive stem sibirbirr- which gives the meaning ‘break into pieces

2 Ultimate radicals are consonants that are found at the end of the root verb and penult radicals are
situated before the ultimate radical.



completely’. Second degree reduplications combine with auxiliary verbs aderreg- and al- to

form compound forms.

In third degree partial reduplication, radicals continue duplicating until the speaker feels they
have expressed the intensity of the action [25]. For example, s-b-r- goes through third degree

partial reduplication to create the iterative intensive stem stbtrbirbirbirbirbirr- which gives the

meaning ‘break into pieces and pieces’.
b) External extension (epenthesis)

External extension involves inserting an additional radical just before the initial radical and
reduplicating the penult radical [25]. For instance, the root k’-d-m- passes through internal

extension to form k’-d-d-m- and the external extension —s-k’-d-d-m- is formed by inserting the
radical s before the initial radical —k’-. Perfective stems like a-skadaddam- can be derived
from external extension stems.

1. Reduction

Reduction is a process of formation of stems from root verbs having less than three radicals
[25]. It is the reduction of the consonantal radicals of laryngeals and glides also called gutturals
or weak radicals (h, y, w, ?) and two additional weak radicals (b and r). When roots are reduced
to verbals, the laryngeals and glides radicals are omitted and they reappear in their parallel
deverbals (surface forms). The following table taken from [25] shows formation of stems by
the reduction process. The characters highlighted are laryngeals, glides and weak radicals.

Roots Verbals Deverbals Gloss

f-r-h farra firh-at fear

S-y-t’ Sat’s Styyac’ sale

K'-W’-m k'"Yoma k'twwame opposition

I-2-k laka [+2uk delegation
r+?yot

2y vy ra ?»;y

b-h-I al- bihil

Table 2.4 Formation of stems by reduction process



Verb Derivations

Verbs can be derived from roots by intercalating vowels or by internal derivation, external
derivation or combination of both [9]. Verbs derived using the first method are simple verbs
and the later are called derived verbs. Internal derivation involves changing patterns of
consonant-vowel patterns (E.g. derivation of -ggadal- from g-d-l1-). External derivation
involves attaching affixes (prefix and/or suffix) on simple verbs (E.g. derivation of td-ggadal-

from g-d-I-).

Verbs are derived from basic roots containing consonantal radicals. The structures of the stems

that are derived from roots are divided into nine [24].

Type of Verb Root Derivation

Deragi g-d-I- -ggadal-
Passive/ Reflexive Tederagi g-d-I- ta-ggadal-
Transitive/ Causative Adragi I-b-s- a-labas-
Transitive/ Causative Asderagi g-d-I- as-ggadal-

Daragi g-d-I- -ggadal-
Reciprocal Tedaragi g-d-I- ta-ggadal-
Adjutative Adaragi (1) g-d-I- a-ggadal-
Adjutative Adaragi (2) s-b-r- a-ssabar-
Reduplicative/ Repetitive  Deraragi s-b-r- -sabbabar-
Reciprocal Tederaragi g-d-I- ta-ggadaddal-

Aderaragi (1) g-d-I- a-ggadaddal-

Aderaragi (2) d-b-d-b- a-ta-dabaddab-
Jussive Passive -n-b-b- yi-t-ndbab-
Other -S-b-r- sabarr-

Table 2.5 Types of derived verbs

The verbs listed on Table 2.5 show repeated actions, actions which take place on one subject,
by another one. All of them are derived from the stem -ggédal-. Deragi verbs indicate the doer
of the action. When the prefix ta- is attached in front of it, it shows the receiver of the action.
When prefixes a- and as- are appended in front of it, it shows helping someone to do the action
and making someone to do the action respectively. Daragi, reciprocal, Reduplicative/
Repetitive and adjutative verbs show that the action is done by more than two subjects. Jussive

Passive shows a future action that is going to be done by someone other than the speaker.



Nouns
Nouns in Amharic are divided into two: primary and derived [23].

Primary nouns originally exist in the language and are not derived from any word [23]. These

include names of people, mountains, countries e.g. bet, mekina

Pronouns are forms of primary nouns, which are inserted to show the subject of the action [23].

ene, ante, anchi, egna, enante are some of Amharic pronouns.

Derived nouns can be derived from verbs, adjectives, nouns, morphemes and combining nouns
[23].

Nouns that are derived from verbs can have five types [23]. At least one noun can be derived
from a single verb. For example, nouns like mot, amuamuat, memot, memocha and mut can be
derived from the stem mot-. Nouns can also be derived from primary or derived adjectives.
chernet, lebo, bilt et are derived from the primary adjectives cher, leba and biltt” respectively.
sinfina, kifat, sekaramnet, ebdet, gilbiya are derived from derived adjectives senef, kifu,

sekaram, ebd and galabi respectively.

Nouns can also be derived other primary nouns by suffixing -nét, -o, -agna, -e and —egna [23].
Nouns like lijnet, ahyo, feresegna, gojamie and englizegna are derived from nouns lij, ahya,
feres, gojam and engliz respectively by adding the mentioned suffixes. There are nouns that
are derived from derived nouns as well. For example, the noun shumet is derived from the

derived noun shum by suffixing -at.

Nouns like gibrina, elbat and simet are derived from morphemes [23]. They are formed by

suffixing -ena, -at and -et on gibir, elb and sim.

Compound nouns are formed by combining two nouns, two verbs or verbals and adjectives
[23]. wetbet, hige-mengist, alem-ak 'ef, wedo-zemach and sergo-geb are examples of compound

nouns.
Adjectives

Adjectives are parts of speech which can take the word bas’am /very greatly/ in front of nouns
[23]. Adjectives can be primary or derived. Adjectives like dag are primary and sanaf,
tararama and hodéaséfi are derived from the stem verb séanéf-, the noun térara and combination

of derived nouns hod and séfi.



2.3 Spelling Errors

Spelling errors are misspelling made by users who type in word processing application. These
errors can be classified as typographic, cognitive and phonetic errors [11]. They are also
classified as non-word and real-word errors. The next section discusses the distinction between
each types of error.

2.3.1 Types of Errors

Typing errors can be categorized into typographic, cognitive and phonetic errors based on the

error patterns produced when typing words on a word processing application [11].

i. Typographic errors occur when the correct spelling of the word is known but the person
who types unknowingly makes a mistake. Typographic errors can either be single errors or
Multi-errors [6].

Single errors occur when the error is only in one character of a word and they could occur

due to four operations:

Insertion — inserting an extra character in the word eg) Typing “+ae9°uc-t+ for +9°uct
Deletion - missing a single character from the word eg) Typing 9°vc+t for +9°uCt+
Substitution — substituting a character with another one eg) Typing ‘+eevct for +9°vCt

Transposition — swapping two adjacent letters in the word eg) Typing ‘tv°c-t for +9°vct
Multi-errors contain errors in more than one characters.

ii. Cognitive Errors occur when the correct spelling of the word is not known. For example,
typing ‘beleive’ for ‘believe’. These types of errors do not apply to languages like Amharic
because there is no such thing as spelling in Amharic. As a result, the person who types
would always know how to spell the word as long as s/he knows the shape of the characters.

iii. Phonetic Errors occur when the user replaces a character with its phonetically equivalent

character [14]. (e.g. Separate — Separete)

Spelling errors can also be categorized into two based on the meaning they give: Non-word
and Real-word errors [19] [6]. Non-word errors are spelling errors that do not give any
meaning, while Real-word (semantic) errors are morphologically valid word which give no
sense in context. These errors could occur when the user types a different correctly spell word

or when a non-word is mistakenly corrected to a wrong real-word by the spell checker. For



example, typing 702 for 7204 In this example, both words are valid, but the person who types

mistakenly types 7 instead of 7°. Conventional spell checkers would not detect such errors.

Real-word errors are in turn classified into Wrong-word errors, Wrong-form-of-word errors
and Word-division errors. Wrong-word errors occur when the word is grammatically and
semantically incorrect, Wrong-form-of-word errors occur when the word is grammatically
incorrect and Word-division errors occur as a result of omitting a space between two Words

(run-on) or inserting a space in the middle of a word.

Type of Error Example
Simple Error AUt 17 +ODMAT
1 Non-word error
Multi-error AU 17 HAPMAT
Wrong-word error AUE 17 NBA ROPMA
Wrong-form-of-word error AUE 17 £APMA

2 Real-word Error
Run-on AU+ 17FaPMAT

Splitword AU 17 Fa® MAT
Table 2.6 Non-word and real-word errors in Amharic

Word-division error

As shown on Table 2.6, simple errors are caused by making a mistake on a single character,
whereas multi-errors are caused by making a mistake on two or more characters. Wrong-word
errors are caused by using invalid combination of words in a sentence while wrong-form-of-
word error is caused by invalid use of words that does not go with the sentence. Run-on errors
are caused by omitting a space character between words whereas split word errors are caused

by inserting a space character in the middle of a word.

2.3.2 Spelling Errors in Amharic

Most of the category of errors discussed in section 2.2.1 apply to Amharic except cognitive and
phonetic errors. Amharic is different from other languages like English because vowels are
found embedded in Amharic characters. For example, v~ = v + & has the vowel A embedded at
the end. As a result, cognitive errors do not occur in Amharic texts. At the same time, one
cannot replace a character with its phonetic equivalent because each sound is represented by

its own character.

The existence of phonetic redundancies could create spelling errors. In Amharic, there are
several phonetic redundancies [28], that is characters which have the same sound but
represented with more than one character. For instance, the character ha can be represented by:

U, 7, ch, h, 71, 5, and h; the character so can be represented by a, w; the character ‘a’ can be



represented by A, &, 0, %; the character s& can be represented by &, 8. There is a convention for
the way some words are typed. For instance, the word sahay can be typed like 812, U8, 672,

ohe, 0718, 822 or 'hg. All the mentioned words can be read as the intended word, however

the convention insists to use the characters 8 = sa and h = ha in séhay. As a result, the other

six forms of typing sahay can be counted as misspelled.

2.4 Spell Checking Approaches

Different spell checking approaches have been used for different languages. This section
thoroughly describes the main techniques. Spell checking involves two steps. The first step
involves detecting if typed words are correctly typed or not. The second step involves

generating closer suggestions for misspelled words.

2.4.1 Spelling Error Detection Approaches

Spelling error detection is the first step in spell checking. It is the process of identifying if the
given word is a non-word or not. Different error detection approaches are applied to language
with different natures. Existing detection techniques can be generally classified as Dictionary

Lookup and n-gram.
i. Dictionary Look-up

Dictionary look-up technique works by searching the given word in a dictionary of lexicon, a
corpus or a combination of lexicons and corpora [7]. The dictionary is assumed to contain all
words and their inflected forms plus a word of specific topics like Computer Science or
Economics [7] [11]. A word which does not have a match in a dictionary (using an exact string
matching technique) will be taken as misspelled. The disadvantage of this method is in the fact
that it will be impossible to store all words and even if all are stored, it should be updated from
time to time. Moreover, searching for a word in a large number of knowledge base would not
be efficient [11]. To solve the problem of inefficiency, a technique called hashing is used.
Hashing involves searching for the hashing address or key of a word in a hashing table. If the
word in the hashing address and the input word are different, the word will be marked as

incorrectly spelled.

Binary search tree predominantly median split tree is another method used in dictionary look-
up approach. Median split tree involves looking for a word in a large collection of strings. It



avoids the time it takes to search for the word in uncommon words i.e. it only accesses common

words.

Finite State Automata (FSA) is another technique used in dictionary look-up and it involves
representing a language as a set of strings with a sequence of notations of some script.

ii. n-gram Analysis

n-gram analysis works by comparing sequence of n-letter subsequences. N-gram frequencies
are stored in an n-dimensional matrix and the n-gram sequences of the input word are compared
to the stored subsequences. If one n-gram is missing, the word will be considered misspelled.
n could have values 1, 2 or 3 and the resulting n-grams are unigram, bigram and trigram

respectively.

2.4.2 Spelling Error Correction Approaches

Following error detection, spelling error correction is the second step in spell checking. The
error corrector generates closer words to the misspelled word, ranks the candidate words and

replaces the misspelled word with the correct one [7].
There are three types of spelling correctors [13].

1. Spelling correctors that use the dictionary - look for the given word in a given list of
correctly spelled words.

2. Spelling correctors that use the dictionary indirectly - create a table of all trigrams by
splitting words in the dictionary into three letter sequences. Such spelling correctors work
by splitting the given word into trigrams and comparing them with the tabulated trigrams
list.

3. Spelling correctors that do not use the dictionary - work by dividing the text into trigrams
storing them in a table. It then counts the frequency of occurrence of each trigram and
calculates index of peculiarity for each word on the basis of the trigrams it contains. Words
with high peculiarity level will be identified as misspelled.

Spelling error correctors can work in two forms. Isolated term correction can work by
identifying spelling errors for each word in a text whereas context-sensitive correction checks

if a word (spelled correctly or not) gives a meaning context-wise.

Spelling error correctors can be also classified as Fully Automatic Spelling Error Detection
System and Interactive Spelling Error Detection System [6].



1. Fully Automatic Spelling Error Detection System automatically replaces the misspelled

word with the most likely candidate.

2. Interactive Spelling Error Detection System generates candidate words, ranks them and
suggests the closest candidates.

Some of the existing error correction techniques include minimum edit distance, similarity key,
rule-based, n-gram-based, probabilistic, neural networks and noisy channel approaches [7]
[11].

i)  Minimum Edit Distance

Minimum edit distance refers to the number of operations (insertion, deletion or substitution)
that needs to be performed to transform one string to another. From the way it was presented
first, it was later improved and transposition (swapping) was introduced to the list of operations

[7]. This technique is more useful for keyboard input errors that phonetic errors [11].

i) Similarity Key Technique
In this technique, every word is assigned a key and similar words will have similar or the same
keys [11]. The key to the misspelled word is computed and words with similar key values to it

will be generated as candidate suggestions for the misspelled word [7] [11].
In this technique, similarity between words can depend on three factors [7]:

a. Positional Similarity — the degree of matching characters of two words being in the same
position.

b. Material Similarity - the degree of two words having the same set of characters being in

different order.

c. Ordinal Similarity — the degree of matching characters by two words being in the same
order.

iii) Rule-based Technique

It works by defining set of rules that denote common spelling error patterns and steps
(morphological information) to generate correct words from misspelled words [11]. If a
misspelled word falls in the set of common spelling error patterns, candidate words will be

generated by applying all rules that can be applied on the identified error pattern.



Iv) n-gram-based Technique

n-gram-based technique can be used with or without a dictionary [11]. When used with a
dictionary, the distance between words will be defined by n-grams and will be compared with
words in the dictionary. When used without a dictionary, n-grams are used to find the position
of the error in the misspelled word. It can be used in three manners: error detection, candidate

suggestion and rank similarity.

v) Probabilistic Technique

Probabilistic technique is based on statistical characteristics of the language [11]. There are
two kinds [7]:

a. Transition or Markov probabilities give the probability of a given character being followed

by another one.

b. Confusion or error probabilities give the probability of a given character replacing another

one in a misspelled word.

vi) Neural Networks

Neural networks use algorithms like back-propagation to train patterns of actual spelling errors
to the machine [11]. A back-propagation network consists of an input layer for possible n-
grams of a word, a hidden layer that indirectly connects input and output nodes and an output
layer for all words in a dictionary. The trained network gives one of the nodes on the output

layer as a correction for the misspelled word.

vii) Noisy Channel
Noisy Channel Model works by treating the misspelled word as if a correctly spelled word had
been misrepresented when it passes through noisy communication channel [15].

2.4.3 Spell Checking Approaches in Semitic languages

This paper presents some of the spell checking approaches used for Semitic languages like
Amharic and Arabic. In section 2.5, application of noisy channel and optimized metaphone
algorithm, dictionary-based approach with hashing for Amharic, morphology-based approach
for Afaan Oromo and Amharic and Levenshtein algorithm for Arabic are reviewed and
discussed. Most of the works use edit distance algorithm to generate suggestions. In almost all
studies, the researchers try to tackle the problem of handling the morphological complexity of

Ambharic.



Dictionary Look-up Approach for complex languages like Amharic is ruled-out because it
involves listing out and storing every root and stem words and all their derivations. This would
be a very cumbersome and time-consuming task. Even if one stores all root and derivations,
then for the spell checker to go through this knowledge base and searching for a single word
would take a lot of time and will in no way be efficient. However, this approach can be used
as part of a morphology-based spell checker. The dictionary can be used to store only stem
words of the language, which is significantly small compared to number of every words in the
language. Once a word is reduced to its stem form by applying morphological rules, the

resulting stem can be searched in this dictionary and the word can be labeled as valid or invalid.

Metaphone algorithm is also ruled out because it is designed for morphologically simple

languages like English.

Rule-based approach for spelling correction involves defining all sets of rules that capture
common spelling and typographic errors [11]. In this approach the defined rules represent the
common error types that are mostly made, not morphological rules as in the case with
morphology-based approach. This approach is ruled-out because identifying common error
patterns needs a large corpus and defining them is costly and time-consuming [7]. In addition,
as the morphology of the language gets complex, the common error patterns become complex

as well.

Machine learning methodologies try to identify a pattern and create their own models from the
given training set. Given the complexity of Amharic morphology, extracting a model from a
given training set would not give a correct result. It is unclear how machine-learning systems
work. As a result, have a problem of predicting an unexpected result [14]. The algorithm might
focus on a part of the data that is not significant to predict the result. Prediction results that
work in one test corpora might not be the same for the other. This implies relying entirely on
such predictions is not strategic. In addition, machine-learning approaches need a very large
corpus, which is not currently available for morphologically rich languages like Amharic.
Moreover, Amharic corpus collected from the web contains documents written in a mix of
Unicode and non-Unicode characters. Because of this fact, corpus-based machine-learning
approach would be challenging. Amharic also suffers from out-of-vocabulary words problem
[9] which is one of the reasons to rule-out machine-learning approaches for spelling error

detection.



This indicates that the complex morphological nature of the language makes a morphology-
based approach more fit for spelling error detection and correction. Though rule-based systems
tend to have high performance in specific scenario and reduced performance when generalized,
the designed algorithm will play a great role in making the system more cost-effective. The
algorithm will work in a well-planned and organized manner so that the system will only access

suitable rules. Details are discussed in chapter 4.

2.5 Spell Checking and Correction Algorithms

There are different spelling correction algorithms. String matching algorithms work by
calculating the edit distance or the Levenshtein distance between two strings. Some of the open-
source algorithms developed using this algorithm in combination with phonetic matching
algorithms are Ispell, Aspell, Jazzy, Jortho and Suggester. They are designed for widely spoken

European and Asian languages [13].

Phonetic matching algorithms work by mapping terms with the same sound to the same value.
Such algorithms are called Soundex. They are later improved to metaphone algorithm to offer
better performance. Metaphone algorithms work only with English language [13]. Some of the
algorithms are discussed below.

SPELL

SPELL is a Unix spelling checker algorithm that was introduced by S.C. Johnson in 1979 and
later improved by Mcllroy. SPELL needs a small memory as it is designed for a machine with

64 KB address space memory [7].

SPELL takes an input file and reads and splits words in the file. Then duplicates are identified
and removed. The split words are compared with a dictionary and those which are not found
are reported as misspelled. The limitation of this algorithm is its small vocabulary coverage

and slowness [7].

CORRECT

It is a spelling correction algorithm that uses edit distance and probabilistic approaches [7]. It
takes words rejected by SPELL algorithm, produce candidate words and ranks them by
probabilities. CORRECT assumes that spelling error occurs due to a single error caused by one
of the operations: insertion, deletion, substitution and reversal. The misspelling can also be
corrected by applying one of the four operations. For instance, an error caused by the insertion
operation can be corrected by deletion and vice versa.



ASPELL

ASPELL uses metaphone algorithm created by Lawrence Philip in combination with ISPELL’s
near miss strategy which states applying insertion or substitution on a misspelled word gives a
correct word [7]. It makes use of hashing with dictionary look-up. It is an open-source software

which can work as a stand-alone application or it can be integrated as a library.

AURA

AURA (Advanced Uncertain Reasoning Architecture) is a spell checker and corrector that uses
phonetic matching and Correlation Matrix Memories (CMMs) to correct single letter and
phonetic spelling errors [7]. Due to CMM’s fast retrieval capability, AURA is developed as a

preprocessor for an information retrieval system.

2.6 Related Works

This section summarizes previous works done in spell checking. The first section presents
seven spell checking research works for Amharic. In addition, related works for Afaan Oromo
and Arabic are summarized and discussed. As morphological analysis and generation is the
main backbone for spell checking researches, three related works on this topic are discussed as

well.

2.6.1 Amharic Spell Checkers

a. Portable Spelling Corrector for a Less-Resourced Language: Amharic

In this research, a corpus-driven approach with noisy channel is used to correct spelling errors
of Amharic and English [19]. Since the focus of this research is Amharic language, research
work for Amharic will be reviewed. Damereau-Levenshten edit distance algorithm is used to
measure nearness among generated closer words to the misspelled word. The research
specifically focuses on correcting spelling for non-word errors. This approach is selected
because the authors claim that it takes much effort to make a list of all language-dependent

rules for spelling correction, given Amharic is morphologically-rich.

They built their own contemporary Amharic corpus (CACO) that is assembled from publicly
archived Amharic newspapers, legal documents, magazines, fictions, historic novels and
books, short novels, politics books, Amharic bible and children books. They have used HaBiT,
a sizable text corpora that is created from automatically crawled pages, for comparison.
Paragraphs are extracted and characters are transliterated to Latin-based characters. Following

that, numbers are replaced by a placeholder, hyphenated words are split by removing the



hyphen and replacing it with space character and unique sentences are identified and extracted.
From the identified sentences, words are tokenized based on separator characters two dots (:)
and white space. Then, sentences which contain words that appear only once in the whole
corpus are removed. This step is added by assuming that the word that is mentioned only once

is probably incorrectly spelled.

The language models are trained using the KenLM language-modeling toolkit. The error model
was adapted from the one created by Norvig (2009) on forty thousand spelling errors. Terms
with missed white spaces are split on the basis of the most probable split candidates based on

CACO language model and the corresponding term list.

The performance of their approach is evaluated based on Amharic test data and the results are

compared with Aspell and Hunspell baseline systems.

The evaluation for Amharic spelling error detection resulted in 89.4% precision, 80.6% recall
and 84.8% F1-score. Precision flags all misspellings, recall indicates the language coverage
and F1 measure indicates the capability of detecting the spelling error. Evaluation metrics were
also computed and compared for other baseline systems: HaBiT, Aspell and Hunspell. The
results show that there was an improvement in spelling error detection (F1) on the proposed
approach from HaBiT. Nevertheless, there was no improvement in the value of recall when the

term list in HaBiT corpus is used.

Suggestion list were also evaluated and 77% of correct spellings appear in the top five
suggestions list for the proposed system using CACO compared to 34% for Hunspell, 62% for
Aspell and 75% for HaBiT. The proposed system scored 9%, 18% and 35% top first
suggestions higher than HaBiT, Aspell and Hunspell respectively.

The authors concluded that the proposed system can be used for other written languages as
long as they are typed using a QWERTY keyboard with direct mapping between keystrokes
and characters. In addition, they will evaluate their approach for real-word spelling errors in

future works.

b. Development of Amharic Spelling Corrector for Tolerant-Retrieval

In this research, a metaphone algorithm specially optimized for Amharic is used for Amharic
spelling correction and Levensthein edit distance algorithm is used for suggestion [13]. The
purpose of the research is to integrate the system into tolerant-retrieval search systems. It is the

first spelling correction work for Amharic.



In this research, metaphone algorithm is optimized for Amharic by using the basic
characteristics of the Ambharic writing system. The optimization involves mapping
homophones to their representative characters followed by removing all vowels from a word
except an initial vowel character. A dictionary is developed from the Amharic bible and
Amsalu Aklilu’s Amharic-English dictionary. Spelling errors found in these documents are

manually corrected.

The proposed algorithm works by creating a hash table and an Amharic metaphone code. The
algorithm looks for the metaphone code in the hash table. Edit distance calculation is used to
select relevant suggestions. It also creates more suggestions by deleting, inserting, swapping

and replacing letters and splitting words.

The test result shows that 81.7% of cases are correct suggestions among its top-five responses.
The author suggests to make the dictionary bigger, to use stemming methods and to assign

different weights for the different operations of the edit distance algorithm.

c. Application of Morphological Information for Amharic Spelling Error Detection

In this research, three approaches for detection of Amharic spelling errors are proposed and
evaluated [12]. The general objective of the study is “to find ways of enhancing the
performance of Ambharic spelling error detection by applying a stemming algorithm and
derivational rules”. The study uses a design science research methodology which involves
problem identification, defining objective and design & development.

The first approach involves using dictionary look-up to detect errors. The flagged words in the
first approach are passed to the second approach for further processing. The second approach
involves application of stemming to check validity of words and to identify prefixes and
affixes. The third approach accepts flagged words from the second approach and checks
whether the flagged words are correct flags or not.

The system requires dictionary file which contains a total of 175,070 Amharic words collected
from different sources. The error detector is tested with 33,535 words of different domains
collected from two news channels and pre-edited documents. The system also uses an affix list
with 165 affixes, an XML file which contains 239 rules and a file containing list of Amharic

punctuation marks and special characters.

A prototype developed by Microsoft Visual Studio is developed. The prototype has five
components. Tokenizer component converts an input stream of characters, splits it into words,

removes special characters and returns tokens. Transliterator component changes words written



in Ethiopic script to their Latin equivalent. Error detection component looks for a given word
inside the dictionary and sends it to the stemmer component if it not found. If it is found, the

word is flagged as valid.

The stemmer component does a series of iterative procedures of affix removal and sends the
word back to the error detector. If the word is still not found in the dictionary, it will flag the
word as invalid. Pattern matcher component receives the words whose affixes are removed and
flagged as invalid and looks for a matching rule inside the XML file that contains rule patterns.
If no matches are found and if the affixes are valid, the word is flagged as valid, otherwise, it

is flagged as invalid.

The prototype is tested with two test cases. The first test case contains 33,535 words collected

from different sources and the second test case contains 1750 verb forms generated manually.

The experimentation result shows that the second approach works better than the first and the
third approach works better than the second. The third approach tested with the first test cases
shows values of 0.9, 0.95, 0.97 Predictive Accuracy for the first, second and third approaches

respectively.

The testing with the second test case shows 0.42, 0.6 and 0.95 Predictive Accuracy for the first,
second and third approaches respectively. The values show the progress shift from one
approach to the next. The researcher concluded that predictive accuracy of Amharic spelling
error detection can be improved by applying stemming, inflection/ derivation rules and
following morphological information (affix list and patterns). The researcher recommends
including inflectional behavior of other parts of speech and identifying the stem group in which
a pair of prefix and suffix patterns occur at the same time to avoid flagging meaningless words
as valid and flagging meaningful words with multiple concatenated prefixes/ suffixes as

invalid.

d. Multilingual Spelling Checker for selected Ethiopian Languages

This research employs dictionary-based approach with hashing for detection and correction of
misspelled words in five Ethiopian languages namely Amharic, Afan Oromo, Tigrigna,
Hadiyyisa and Awngi [18].

The proposed system flags a word as correctly spelled if the candidate word matches the word
at the hash address. If there is no match, then the word is flagged as invalid. The experiment
uses a text corpus collected from different sources of equivalent amount of words for each of

the languages.



The evaluation is measured using evaluation metrics precision, recall and F-measure. The
results show precision, recall and F-measure values above 81%. It was concluded that the
suggested approach is able to detect diverse classes of spelling errors in all mentioned
languages.

e. Automatic Amharic Spelling Error Detection and Correction using Hybrid
Approach

The study proposes using metaphone algorithm for error detection and edit distance algorithm
for error detection of wrongly spelled Amharic words [16]. A prototype is developed using
VB.NET and python programming language. The system follows three steps namely pre-
processing, spell checking and correction. It accepts a candidate word, extracts the root word
and required features and checks the validity of the words against the dictionary of words. If it
is not found, that means the word is invalid and the system will generate closer words from the

dictionary using edit distance algorithm.

The evaluation results show that the system is 98% effectiveness in its error detection and
correction capability. From the results, it was concluded that the proposed system is effective
and accurate. However, the speed of processing was not considered and the author recommends
improving the processing time and integrating it with other Microsoft office systems in future

works.

f.  Automatic Spelling Checker for Amharic Language

This study attempts to design and develop an automatic Amharic spell checker integrated with
Open office word processor [20]. The study focuses on non-word errors. It considers internal
inflection of words, repeated words and compound words. It uses Hunspell tools for
morphological analysis of words. Hunspell is a morphological analyzer library designed for
languages with complex morphology. The spell checker has five components namely, input
component, normalization, error detection, morphological analyzer, error correction and

suggestion components.

The input component tokenizes and removes punctuations from words written or copied on
Open office. Normalization component brings characters with syllographic redundancy into a
common form. Error detection searches the candidate word inside dictionary of root words. If
it is found, it is flagged as valid, otherwise, it will be passed to the next component.
Morphological analyzer component receives words not found in dictionary from the previous

component and splits it into stem and affixes. The last component, error correction and



suggestion receives stem and affixes from the morphological analyzer and uses Levenshtein

edit distance to search closer words inside lexicon of words and ranks them.

To evaluate the system, five experiments are conducted. The experiments are conducted with
documents taken from different sources. Table 2.7 shows the summary of experiments, the

number of test cases and the evaluation results.

Experiment | Source Total Invalid | Precision | Recall
number of | words
words
1 Amhara Science Technology and 199 5 100 99.4
Information Communication
Commission
2 Amhara Science Technology and 840 16 100 97.6
Information Communication
Commission
3 Afar Region ICT 2009 annual report | 181 7 100 96.1
4 Harari region ICT 2009 annual report | 94 9 100 89.8
5 Experiment 4 evaluated by language | 94 7 97.75 92.55
expert

Table 2.7 Evaluation results for the experiment conducted for [20]
The evaluation result gives an average performance of 97.4%. To figure out the reason of
incompleteness, a sixth experiment was made and the performance of the system is improved.
Incompleteness was caused because affix rules are not exhaustively defined and dictionary of
words are incomplete. The study recommends including real-word errors, considering
additional sources of errors, comparing other correction techniques, integrating the work with

other NLP applications.

g. Rule Based Amharic Spellchecker and Amharic-English Translation Aid

This was a self-initiated project to implement a spellchecker for Amharic which is highly
morphologically complex language. Another objective of the project was to lay down a
background for the development of a system for Amharic to English translation (direct or
indirect translation). It was claimed that the existence of rule-based spellchecker could help a
lot in implementing Amharic to English translation in such a way that the definition of the

derivation rules can be linked to meaning of phrases and sentences.

The importance of having an Amharic spell checker was indicated by mentioning the challenge
of typing Amharic which is written with more than 300 characters. It was also stated that
spelling errors in Amharic are particularly typing errors as the notion of spelling in Amharic is
non-relevant if there was no typing error. This is supported by the fact that each sound is

represented by a single designated character in Amharic.



The project implementers stated that any spellchecker requires a knowledge base from which
candidate words can be checked. During their research, they collected 22,000 common root
words from two known Ambharic dictionaries [17] [29]. They claimed that it would have been
reasonable to create a dictionary consisting of these words to implement the spell checker if
Ambharic was not morphologically complex language. They have found out that thousands of
words could be derived from a single root verb. Thus, they asserted that building a knowledge
base consisting of root words and derivation rules is more efficient and can lead to building an
accurate Amharic spellchecker than collecting millions of Amharic words, which could be root

words, phrases or even sentences.

The project was started by identifying derivation rules and formulating a relationship between
root words and derivation rules. The implementers explained that they were forced to do this
as they could not find a research or a book that defines all derivation rules for Amharic.
However, they have utilized the categories of root verbs according to [24] to define and group
rules. The resulting knowledge base mainly consists of set of root words and derivation rules.
Derivation Rules are defined with various parameters such as prefixes/suffixes, whether they
use of both prefixes and suffixes, to what categories of root words they are applied to and other

useful identifiers.

The system has three major modules namely Dictionary Lookup, Rule Evaluator and
Suggestion Generator. The dictionary lookup implements an efficient searching to look up for
words. The Rule Evaluator is applied to any word which was not found in the root words list.
It is responsible for analyzing a word against the available rules to pick likely rules and assign
testing priority to them. A candidate word is evaluated to identify if it probably fulfills the
definition of a rule, and rules with strong probability are generally picked. Then, it tests the
selected rules in the order of their testing priority to identify if they can produce a valid root
word. It makes use of the dictionary lookup module. Testing a rule against a derived word

involves attempting to reverse the word into a root word.

The suggestion generator finally acts up on identified invalid words. During the process of
checking the validity of a candidate word, two major processes are carried out, which are
looking up the word in the root words list and attempting to reverse the derived word to a root
word by applying the selected rules. The word was obviously detected as invalid as none of
these attempts were successful. The suggestion generator generates a list of suggestions from
two sets. The first set will be all closer valid words from the root word list. The second set of

suggestions is found by picking valid root words which are closer to the invalid root words



produced from the reversing process and applying the respective rules. The union of these two

sets will be presented to the user after they are ranked.

The implementers reported that identifying a word as valid or invalid works 100% as long as
the root word and the derivation rule exist in the knowledge base. However, they witnessed
that exhaustively defining all rules was beyond their capacity and it requires the involvement

of a linguistic expert.

The major limitation of this work was identified by the implementers. To improve the
completeness and accuracy of the spellchecker, the knowledge base should be complete in the
sense that it needs to include definition of all derivative rules in relation to the category of root
words. Even though they believe that this is possible to do with the help of language experts,
the size of the knowledge base affects the efficiency of the process and hence the response
time. For such applications, response time is quite important as the system was integrated with
Word processing software and used in real time. They suggested rules should be defined in a
better way to reduce the processing time. And reversing the derived words back to root words
should be made automatic. Their system needed to run code to do the reversing process, which
took the majority of the processing time. They concluded that rule definition should be

systematic and more distinct and should show the speech parts separately.

2.6.2 Afaan Oromo Spell Checker

a. Design and Implementation of Morphology-based Spell Checker

This research work is the first spell checking research for Afaan Oromo [5]. The research
focuses on detection and correction of non-word errors. Afaan Oromo has a very rich
inflectional morphology. Nouns are inflected for number and verbs are inflected to show

gender, number, tense, voice, aspect and mood.

The proposed system uses a morphology-based spell checker that combines dictionary look-up
with morphology rules. The suggested architecture contains Tokenizer, knowledge base, Error
detection, Morphological analyzer, Error correction, Morphological generator, Suggestion
ranker and Word Assembler components. The tokenizer component splits a block of text into
individual words. The knowledge base component stores root words (lexicons), affixes and
rules of the language. The error detection component receives a word from the word tokenizer
and looks for the word inside the root word knowledge base. If it is found, the word will be
taken as correctly spelled. If not, the word will pass to morphological analyzer component. The

morphological analyzer breaks the word into root affixes and sends it back to the error detection



component. The error detection component looks for the word and affix in the knowledge base
and if it exists and if the root has the affix flag, that means the word is correctly spelled. If not,
it will pass to error correction component. The error correction component classifies the errors

into classes and makes a closer correction based on their class.

Morphological analyzer component receives corrected morphemes from the error correction
component and retrieves affixes based on the class of the root word. Then, possible candidate
words will be generated from the retrieved affixes. These will be sorted based on keyboard
layout character distance and Levenshtein Edit Distance algorithms. The Levenshtein distance
between the misspelled word and the candidate words will be calculated by using insertion,
deletion, substitution and transposition operations. If the resulting distance is equal for some
of the candidates, character edit distance is calculated to rank them. Finally, the word assembler
component maps the correct word with the misspelled word. The evaluation of the proposed
system resulted in 88.62% lexical recall, 100% error recall and 28.62% precision. Lexical recall
specifies the percentage of valid words correctly accepted, error recall indicates the percentage
of words correctly flagged as invalid and precision shows the percentage of correctly detected

invalid words.

The author concluded by suggesting that the research will be a worthy input for the

development of Afaan Oromo spell checker.

2.6.3 Arabic Spell Checkers

a. For an Independent Spell-Checking System from the Arabic Language Vocabulary
The research implements an automatic spell checker that introduces morphological analysis
concept in the Levenshtein algorithm and using small size dictionary that contains Arabic
language stems [30]. They have compared and evaluated their method with Levenshtein
approach. They have measured rate of correction by insertion, deletion and permutation
operators. The average correction rate by the proposed system is 33.7% higher than
Levenshtein distance. The average correction time (0.10 ms) is faster than that of Levenshtein
distance (0.19 ms).

The author concluded that the proposed approach is much better than that of Levenshtein

distance and it can be a way to go for the development of automatic spell checker.



2.6.4 Morphological Analysis

a. HornMorpho: a system for morphological processing of Amharic, Oromo and
Tigrigna

The study presents a morphology analyzer and generator tool for Amharic, Oromo and Tigrigna

[31]. Morphological analysis is breaking down a word into morphemes and classifying

grammatical and lexical morphemes in their respective categories. The tool benefits developers

who work in language related application, non-native speakers of Amharic who are learning

the language and everyone.

HornMorpho uses an architecture that is composed of a layer of Finite State Transducers
(FSTs) that represent alternative rules and morphotactics (stem, prefixes, suffixes). The
program has morphological analysis and generation functions. The morphological analyzer has
functions anal_word and anal_file for a single word and all words in a file respectively. The
functions take input word and outputs a root, stem and morphological analysis of the word. In
addition, seg_word and seg_file functions segment verbs into morphemes separated by
hyphens. phon_word and phon_file functions take words given in orthographic format and
change them to phonetic formats. The morphological generator component of the program has
a function called gen that takes a stem or verb plus grammatical features and returns

morphological derivations.

The morphological analyzer is evaluated with randomly selected word list from web crawled
corpora. The test result gives 96% and 99% accuracy for Tigrigna and Amharic verbs

respectively and 95.5% accuracy for Amharic nouns and adjectives.

The morphological generator is tested and gave a result of 100% accuracy for Amharic and
93% for Tigrigna. The authors are in the process of integrating Oromo language to
HornMorpho and no evaluation results were presented. The weakness of the program is in the

limited number of available roots and stems and in handling ambiguities.

b. Development of Amharic Morphological Analyzer using Memory-Based Learning

The research attempts to develop a morphological analyzer for Amharic using one of the

supervised machine learning approaches known as memory-based learning [7].

The proposed system is trained with manually annotated sample verbs and nouns. The
derivation pattern stems and morphemes follow is studied and used for annotation. The
proposed architecture has two phases: training phase and morphological analysis. The first step
of the training phase of the architecture involves morpheme annotation. To detect the



morpheme from a set of words, inflected words are identified and they are segmented to prefix,
stem and suffix and each segment will be marked by their representative notations. Suffixes
have seven features: plurality, derivation, relativazation, definiteness, negation, causative and
conjection. These features are represented by their own representative letters. The annotated
words are stored in a morphological database. Following morpheme annotation, instances of
the annotated words are automatically extracted from the morphological database using
windowing method. Then, a memory-based learning model is developed using a learning tool
TiMBL. Classifier algorithms called 1Gtree and IB1 are used to construct databases in memory.

Once the learning model is developed, the morphological analysis phase continues. In this
phase, a new word is analyzed based on previous training data. The word is segmented and
represented as instances and they are compared with the training set. The word will be classified
as the closest instance. If the inflected word is unknown, its morpheme is identified and the
class that shares the most common features is inferred and predicted as the class of the new

instance.

The next step is reconstructing the given word into meaningful units. The system searches for
similar stem patterns from the stored training set. If it is not found, distance to the most nearest
neighbor is calculated. The last step is extracting the root from the stem. This involves
removing the vowel in stems for words with more than three characters. Exception is for stems

which start with a vowel and for mono and bi radical verbs.

The system is tested with 10-fold cross-validation technique for IB1 and 1Gtree algorithms.
The data is divided into ten. One is used as a training set and the other nine as test sets at a
time. Each split data gets to be used as a training set. The researchers also used Leave-One-Out
(LOO) method to evaluate IB1 algorithm. LOO method takes all available data except one as
a training data.

The evaluation gives an accuracy of 96.40% and 93.59% for IB1 algorithm using LOO and 10-
fold techniques respectively and 82.26% accuracy for 1Gtree algorithm. The LOO method
becomes time consuming when used for 1Gtree algorithm, as a result, the experimentation

results are not presented.

The authors concluded that the proposed system has a better accuracy from other similar
attempts. A better performance will be achieved by increasing training data and embedding

grammatical features in segmented morphemes.



c. Learning Morphological Rules for Amharic Verbs using Inductive Logic
Programming

This research uses supervised machine learning approach for morphological analysis of
Ambharic verbs [22]. An Inductive Logic Programming system called CLOG is implemented.

It learns from positive examples and it runs faster than other systems.

Three training experiments are conducted for stem extraction, root patterns and internal stem
alternation rules. In experiment one, the system learns stem extraction by identifying prefix
and suffix of a word and extracting the stem from the given input word. In experiment two, the
system learns roots by separating vowels and consonants of a stem and relates the stem with
the root formed from radicals. The third experiment involves learning stem internal alternations
from a training data containing stems with such patterns. In addition to the three experiments,
two predicates are defined to extract the valid pattern for the stem and to link affixes and root

patterns.

The system is trained with 216 manually prepared Amharic verbs, 108 affix extracting rules,
18 root template extraction rules and 3 internal stem alternation rules. The system analyzes
86.99% of the given words correctly. The researchers recommend using more training data for

better performance.

For the future, they are in the process of experimenting with genetic programming to learn
predicates. The researchers concluded that ILP can be used to analyze morphology of complex
languages like Amharic.



2.7 Summary of related works

Title

Author, Year

Purpose

Approach/
Methodology

Key Findings

Recommendation &
Future Work

Portable Spelling
Corrector for a Less-
Resourced Language:
Amharic [19]

Andargachew M.,
Andreas N., Binyam
E., 2018

an automatic spelling
corrector for non-
word errors for
Amharic & English

a data-driven (corpus-
driven) approach with
the noisy channel for
spelling correction,
Damerau-Levenshtein
edit distance to measure
nearness

The proposed systems
has better results that
existing algorithms
HaBiT, Aspell and
Hunspell

The proposed system can
be used for other written
languages as long as they
are typed using a
QWERTY keyboard with
direct mapping between
keystrokes and
characters.

They will evaluate their
approach for real-word

spelling errors in future
works.

Development of
Ambharic Spelling
Corrector for Tolerant-
Retrieval [13]

Andargachew M.,
2012

Spelling Corrector
for tolerant-retrieval
Ambharic search
systems

Ambharic metaphone
algorithm /metaphone
algorithm optimized for
Ambharic/

Edit distance algorithms
for Suggestion
/Levenstein Distance
Algorithm/

81.7% of cases are
correct suggestions
among its top-five

responses

Future recommendation -
to make the dictionary
bigger, to use stemming
methods and to assign
different weights for the
different operations of the
edit distance algorithm.




Application of
Morphological
Information for
Ambharic Spelling Error
Detection [12]

Mulualem T., 2019

Find ways to enhance
the perfection of
Amharic spelling
error detection

stemming algorithm and
derivation rules

Capacity of Amharic
spelling error detection
can be improved by
applying stemming,
inflection/ derivation
rules and following
morphological rules

Including inflectional
behavior of other POS,
Identifying the stem
group in which a pair of
prefix and suffix patterns
occur at the same time

Multilingual Spelling
Checker for selected
Ethiopian Languages
[18]

Wubetu B., 2020

Detection and
correction of
misspelled words in
five Ethiopian
languages

Dictionary-based
approach with hashing

The system is able to
identify diverse classes
of spelling errors.

Automatic Amharic
Spelling Error
Detection and
Correction using
Hybrid Approach [16]

Getnet A., 2018

Ambharic spelling
error detection and
correction

Metaphone algorithm for
detection and edit
distance for correction of
misspelled words

The proposed system is
effective in its error
detection and
correction
functionality.

implementing the system
in all Microsoft office
products

improving processing
time

Automatic Spelling
Checker for Amharic
Language [20]

Melaku T., 2020

Automatic spell
checker integrated
with Open office
word processor

Hunspell for
morphological analysis,
Edit distance for error
correction

Exhaustively defining
affix rules and
completing dictionary
words would give a
better result

Including real word
errors, considering
additional sources of
errors, comparing other
correction techniques,
integrating with other
NLP applications

Design and
Implementation of
Morphology-based
Spell Checker [5]

Gaddisa O., Dr. Dida
M., 2014

Spelling error
detection and spelling
error correction for
Afaan Oromo

Morphology-based
approach

Percentage of valid
words correctly
accepted =88.62%
percentage of words

The research will be a
worthy input for the
development of Afaan
Oromo spell checker.




correctly flagged as
invalid = 100%

percentage of correctly
detected invalid words
=28.62%

For an Independent
Spell-Checking System
from the Arabic
Language Vocabulary
[30]

Bakkali H., Gueddah
H., 2014

automatic spell
checker for Arabic

morphological analysis
with Levenshtein
algorithm

The average correction
rate by the proposed
system is 33.7% higher
than Levenshtein
distance. The average
correction time (0.10
ms) is faster than that
of Levenshtein distance
(0.19 ms).

the proposed approach is
much better than that of
Levenshtein distance and
it can be a way to go for
the development of
automatic spell checker

HornMorpho: a system
for morphological
processing of Amharic,
Oromo and Tigrigna
[31]

Michael G., 2011

Morphological
Analyzer for
Ambharic, Tigrigna
and Oromo languages

Finite State Transducers

Promising result for
Amharic and Tigrigna
(100% accuracy for
Amharic and 93% for
Tigrigna), work in
progress for Afaan
Oromo.

more user-friendly

interfaces for the general
public

Development of
Amharic
Morphological
Analyzer using

Mesfin A. and
Yaregal A., 2014

Morphological
Analyzer for
Ambharic

Memory-Based Learning

Accuracy of 96.40%
and 93.59% for IB1
algorithm using LOO
and 10-fold techniques
respectively and

The proposed system has
a better accuracy from
other similar attempts.

A better performance will
be achieved by increasing




Memory-Based
Learning [7]

82.26% accuracy for
IGtree algorithm

training data and
embedding grammatical
features in segmented
morphemes.

Learning
Morphological Rules
for Amharic Verbs
using Inductive Logic
Programming [22]

Wondwossen M. and
Michael G., 2012

Morphological
Analyzer for
Ambharic

Inductive Logic
Programming

ILP can be used to
analyze morphology of
complex languages like
Ambharic

Experimenting with
genetic programming to
learn predicates




2.8 Executive Summary

Different spell checking and morphological analysis techniques are applied for different
languages. For morphologically complex languages like Amharic, it was shown that different
approaches including morphology-based approach have been researched. In some of these
studies, existing spelling error detection and correction algorithms (like metaphone and edit
distance) designed for languages like English are employed. In these works, the complex
morphological nature of Amharic and the huge difference in the nature of the morphology of

Ambharic and other languages is not considered.

In attempts that use dictionary-based approach, it requires storing millions of words which
makes the system inefficient. In addition, the small amount of corpus found online is not
considered. Some attempts use existing morphological analyzers for computational
morphology. However, morphological analyzers tend to give unintended outputs for invalid
words. It is also noticed that basing morphology is the main process in all spell checking and
morphological analysis researches reviewed. For instance, in [7] though the researcher mainly
uses memory-based learning approach, morphology-based annotation is used in preparing the

training set. The same holds true for most of the research works.

This study fills the gap mentioned above by applying morphology-based approach integrated

with a specially designed algorithm to detect and correct errors.



CHAPTER THREE
METHODOLOGY

3.1. Overview

Choosing the right methodology is a crucial step in conducting a research. As a result, a
research paradigm that can produce the intended solution to the problem is employed. In order
to accomplish the research aims and objectives, provide valid and reliable results, a research
methodology that employs methods and techniques which are the best fit for the research is
chosen. The research encompasses designing a new artifact to solve observed problems,
evaluating the artifact and presenting the results. Therefore, design science research
methodology is a perfect fit for this research. This chapter discusses the research methodology
employed and activities performed to analyze the problem and get to the solution. In Section
3.2, the selected methodology, the designed process model and its components (activities,

procedures and techniques) are discussed.

3.2. Research Methodology

In this research, design science methodology is employed. Accordingly, an artifact, a prototype
that employs an algorithm to detect and correct Amharic spelling errors, is rigorously designed

and evaluated.

The research is focused on Design and Development centered approach depicted on Fig 3.1.
The figure shows the research process that involves six activities [32]. The DSRM process
model on Fig 3.1 is adopted and modified for this research [32].



Process Iteration

IDENTIFY DEFINE DESIGN & DEMONSTRATION EVALUATION COMMUNICATION
PROBLEM & OBJECTIVES DEVELOPMENT . =) @
MOTIVATE OF A . Building a 2 Test Case %o Summarize and
SoLUTION Building an =1 prototype 2| preparation | report results
o ¢ = . = ) 2
Observation | & = architecture § (artifact) that 2 and rlgorous _;
and = E & design, = detects and = testingand =
. £ Meetwhat = creating a 2| corrects Amharic | < evaluation —E_
Literature is needed = 1l “ b . ‘S
Review new 2 spelling errors g y using 2
from a spell algorithm = defined
checker metrics

DESIGN &
DEVELOPMENT-
CENTERED
APPROACH

Possible Research Entry Points

Fig. 3.1 DSRM Process Model (Adopted from [32])

i. Problem ldentification and Motivation

In order to identify the problem, the researcher’s prior observation and further investigation
through literature review are applied. Journal articles, books, lecture notes, resources on the
web are referenced and reviewed. Literature review is conducted to get a deeper understanding
of Amharic morphology, to study previous approaches towards Amharic spell checking, and
to identify improvement points. To understand more about the language, books written by
linguistic experts are reviewed. They are referenced in every step of the research. To get a
deeper understanding of the problem area, conceptual theories of research papers and books

are reviewed.
ii. Definition of Objective

From the problem identified in the previous step and the solutions that were attempted by
previous scholars, general and specific objectives of the solution to accomplish better results

to the problem are inferred.



Ii. Design and Development

The design and development process involves developing a design and architecture to detect
and correct Amharic spelling errors. It is followed by designing an efficient algorithm that
solves the problem defined on the first step and fulfills the objectives defined on the second
step. The algorithm that is designed based on the designed architecture identifies incorrectly
spelled Amharic words as invalid, generate closer suggestions to misspelled words and rank

suggested words.

The components of the architecture are tokenizer, dictionary searcher, n-gram splitter, rule
filter, stem extractor, distance calculator, suggestion generator and suggestion ranker. Details
of each component are discussed in Chapter four.

iv. Demonstration

Demonstration involves implementation of the designed algorithm and building a prototype.
At this stage, a prototype using python programming language is implemented.

a) Algorithm Development

The proposed methodology for spelling error detection and correction uses morphology-based
approach for detecting misspelled words and generating suggestions. In order to make the
system efficient, existing spell checking algorithms are studied.

Even though the algorithms discussed vary in the way they perform spelling error detection
and correction, they share one common thing which is they all require a dictionary with the
complete list of the lexicons. Generating or collecting the complete list of meaningful units for
a resource limited and morphologically complex language like Amharic is a time consuming
and costly task and if done results in a very large database. However, defining derivation rules,
affixes, prepositions and conjunction and how they are related to the well-defined categories
of stems [23] is evidently promising. Based on this justification, adopting these algorithms for

Amharic spelling error detection and correction becomes unsound.

As a result, an algorithm that identifies probable error position, filters morphological rules and
identifies the most likely rule that is applied to the candidate word, generates suggestions is

developed. To rank suggested words, existing distance calculation algorithms are compared



and evaluated (Section 5.2.2). Based on the results found, a new distance calculator that gives

a better result for Amharic is designed (Section 4.3 vi).
b) Prototype Development

A prototype that detects and corrects Amharic spelling errors is developed based on the
developed algorithm and by referring to rule definitions and their relationships with root verbs.

It is implemented in Python programming language.
¢) Rule Definition

The prototype makes use of 717 morphological rules that are defined manually. Derivational

and inflectional patterns discussed on [23][24][25] are studied and implemented.

The following is a sample rule to inflect the word &2&taATIPSTF-OFOG

(anddtédldmamddacahubaciwana) from the root word /-m-d- (Stem word lemed-).

Position 4 3 2 1 1 2 3 4 5

Verb
Rule | Rule | b | by | p3 | p2| PL| Stem | Derivation | s1 | s2 | s3|sa| s5 | €©| n /
Format | Name nj

Noun
Samplet | RuleX | A28 ‘ ‘ ‘ + ‘ A1B1C1 ‘ A1B4B1C4 ‘ ‘ ‘ ‘ T ‘ wFo- ‘ G ‘ 3 ‘ Verb |

Table 3.1 Sample rule definition

In the above sample rule, the stem word pattern A1B1C1 shows that the stem word contains
three characters each of which are in the first order. The derivation pattern A1B4B1C4 shows
that the word is derived by taking the first character as it is, followed by the second character
in fourth and first orders, then comes the last character in fourth order. The prefix “+’ and the
preposition ‘4%£’ are attached before the derivation pattern. The suffixes “fv-’ and ‘aF@-
follow the pattern. The conjunction ‘G’ can also be attached after the suffixes. Details about the

slots on the rule definition structure is discussed in Chapter four.

Morphological rules are categorized into derived nouns, derived adjectives, derived verbs,
derived pronouns and compound words [24]. In this study, most of the rules are focused on
derived verbs because verbs exhibit a very complex morphology compared to other parts of
speech [12]. To test the validity of the prototype on nouns, rules for derived nouns are included

as well.



Derived Nouns

Nouns can be derived from verbs, adjectives, nouns, morphemes and by combining nouns.
According to [24], there are twenty derivations patterns for nouns. In this study, 135 rules to

change nouns to plural forms and other patterns are defined.
Derived Verbs

Verbs can be derived from root words by going through internal and external derivations.
According to [24], there are twelve patterns of verb derivations that change the internal
structure of stems and/or append affixes before and after the stem. In addition, rules that show
situations and intensity of action are presented. Accordingly, 582 morphological rules that are
representative of these patterns are defined. Table 3.2 shows the number of rules defined for
each derivation style. Moreover, prefixes and suffixes that show the subject and doer of the
action and the type of action (passive, causative, reciprocal, affirmative/ negative) [22] are also
included in rule definitions. Prepositions and conjunctions that can go with the identified verb
derivations are also part of the rule definitions. For instance, on the rule shown on Table 3.1,
the pattern A1B4B1C4 shows a repeated action (84-¢-1. 4691%:) [24]. The prefix + shows that
the type of action is in passive form (+8¢1.) [24]. The suffix Fuv- shows that the doer of the
action is in third person (you /ag7t/). The second suffix a’F@- shows that the receiver of the
action is ‘they /a'i/. This rule can also take the conjunction § which shows that there is a
remaining action next to it. Words that follow this rule include A78+A%9ev8Fu-QFm-q,
WL TAPONTU-FOG, FAPONTU-OFD-, h78+ATav4Fy- and so on. Note that, the rule also

works for words that fulfill some part of the rule definition.

Table 3.2 shows the distribution of morphological rules among the mentioned derivational and

inflectional patterns.



Verb and Noun Derivation Type Amount
[ Repeated action 10
T4, Passive/ Reflexive 60
TR&C. Reciprocal 33
AL, Transitive/ Causative 22
ALLCA Repeated Transitive/ Causative 17
ANLLA Transitive/ Causative 40
RCY) Adjutative 14
LU Jussive passive 22
- Negative action (Prefixes Al- and 101
Ale-)
- Other prepositions
(Be-, 263
Ende-,
Ye-,
Endemi-,
Yemi-)
- Plural form - Noun 15
- Selected derivations - Nouns 120
- Verbal Nouns (Rules are embedded in 80
preposition rules) (included in
preposition
rules)
717

Table 3.2 Distribution of defined rules

v. Testing and Evaluation

The prototype development is followed by testing, analyzing and evaluating the results. This
involves test case preparation, dictionary (knowledge base) preparation, annotation, testing and
evaluation. In order to test the accuracy and performance of the system, two types of test cases
were prepared. The test cases comprise of a total of 1724 words manually selected from an
online available corpora [31] and taken from a chapter on the bible. Each word is manually
checked and annotated as valid or invalid. The system compares the results found from the

prototype with the annotations and reports words if they are correctly flagged or not.



a) Test Case preparation

In order to find out the reliability of the proposed approach, the system is tested on a test data
manually selected from an online available corpora that is collected from different Amharic
online documents and texts [33]. The test data contains combination of words spelled correctly

and incorrectly. Test case taken from the Amharic bible is also used as an additional resource.

To decide the number of words the test cases contain, an analysis is made on the number of
words used for testing in previous spell checking (detection and correction) researches. The

number of test cases are summarized on Table 3.3.

Title Number of
words in test
cases
Design And Implementation Of Morphology Based Spell Checker [5] 1464

Portable Spelling Corrector for a Less-Resourced Language: Amharic [19] | 252

Development of an Amharic Spelling Corrector for Tolerant-Retrieval [13] | 82

Morphology Based Spell Checker for Kafi Noonoo Language [14] 2743
Multilingual Spelling Checker for Selected Ethiopian Languages [18] Not specified
Automatic spelling checker for Amharic Language [20] 1314
Automatic Amharic spelling error detection and correction using hybrid 500

approach [34]

Average | 1059

Table 3.3 Summary of number of test cases use in spell checking researches
As the table indicates, the number of test cases used by the researchers are not uniform. As a
result, an average of the number of test cases is computed. Accordingly, two test cases which

contain a total of 1724 words is used.

Test Case 1

Test case one was prepared by manually selecting different classes of words from an online
corpus collected from the web [33]. It comprises of 1551 correct and 173 incorrect words which
are selected based on the noun and verb derivation discussed on [24]. The selected words are

manually flagged as valid and invalid. The test case contains words from more than 13



categories of derivational and inflectional patterns. The diversity of pattern in the test case
preparation shows that the test case is representative of many of the word that can be found in
a large corpus. Table 3.4 shows the number of distribution of categories in test case 1. In order
to get a more accurate system and to thoroughly monitor the performance of the system, a

group randomly selected words from the same source is also included.

Total Valid | Invalid
Test Case 1
Passive Reflexive (Tederagi) 390 329 61
Transitive/ Causative (Adragi) 25 22 3
Repeated Transitive/ Causative
(Aderaragi) 25 21 4
Transitive/ Causative (Asderagi) 89 75 14
Jussive Passive 14 14 0
Other derived verbs
Negative action Al-, Suffix = Combined 355 338 17
Ale-, Suffix = Combined 159 156 3
Derived verbs with pr ition . .
aned cgrib?ngg su’;fixpesepos 1" | Be- suffix = Combined 72 53 19
Ende-, Suffix = Combined 60 50 10
Endemi-, Suffix =
Combined 91 89 2
Ye-, Suffix = Combined 24 21 3
Yemi-, Suffix = Combined 111 102 9
Randomly selected 46 37 9
Nouns (Primary & Derived) 174 155 19
1635 1462 173

Table 3.4 Disaggregation of verbs and nouns in Test Case One by derivation type
Test Case 2

To call a spell checker efficient, testing a whole paragraph from the same source is
recommended [6]. Accordingly, three paragraphs from the Amharic bible have been taken and
annotated as valid and invalid to form the second test case. Test case 2 comprises of 89 correct
and no incorrect words in which 24 of them were derived from verbs and the rest from nouns,
adjectives and adverbs. The words collected from the bible contain a total of 157 words. After

removing duplicated words, it resulted in 88 unique words (Appendix 3).

b) Dictionary (Knowledge base) Preparation

The dictionary (list of words) used as one of the knowledge base for the prototype consists of

sample stems from the major categories of Amharic parts of speech namely verbs, nouns,



adjectives and adverbs [24]. Simple random sampling technique is generally used to select root
stems from what was collected from [17]. This technique is appropriate when the elements of
data are homogenous and it makes sure that the probability of selecting each is the same and
avoids human bias [35][36].

A total of 2398 stem words are stored in the dictionary and the composition of the data based
on the category of the stem words is depicted in the following table (Table 3.5). Ten percent of
the totally collected nouns, adjectives and adverbs were picked randomly as recommended in
[37].

Category Total collected | Sample size
Noun 11,250 1125
Adjective 3760 376
Adverb 190 19
Verb 2838 878

Total | 2398

Table 3.5 Composition of the dictionary based on the category of the stem words
The verbs were selected slightly in a different manner. Amharic verbs could further be broadly
categorized as bi-radicals, tri-radicals and quadri-radicals [23]. Based on the order of the
radicals, further categorization is presented in [23]. Thus, sample was taken from each
subcategory, and sample size was determined based on the available collected data size. If the
number of stem words in a given subcategory is greater than 100, ten percent of the words were
randomly picked. Otherwise, all of them were stored in the dictionary [37]. Table 3.6 illustrates

the selection of verbs as per their categories.

Category Sub Pattern Total Sample Example
category size
Bi-Radicals 1 A1B4 101 11 h
2 A1B4 22 22 ma
3 A1B1 9 9 oy
4 A1B1 12 12 hen,
5 A4B1 17 17 PT
6 A4B1 86 86 M
7 A4AL 12 12 s
8 A7B1 26 26 {iav
9 A7B1 12 12 ('
10 A7B1 4 4 &P
11 A1B1 7 3 fim
12 A1A1 1 1 [
13 A5B1 3 3 28
Total | 218




Tri-radicals
1 A1B1C1 294 29 PO
2 A1B1C1 572 58 PP
3 A1B1C1 15 15 AT
4 A1B1C4 60 60 nesr
5 A4B1C1 126 13 AAm
6 A7B1C1 19 19 A
7 A7B1C1 95 95 (2
8 A7B1C1 6 6 P1E
9 A7B1C4 5 5 jav¢.

Total | 300

Quadri-radicals | 1 A1B1C1D1 | 231 23 (b4
2 A1B4C1D1 | 93 93 PaMC.
3 A7B1C1D1 | 41 41 IR,
4 A1B1A1B1 | 178 18 avyavy
5 A1B4C1D1 |5 5 OADA
6 A7B1A7B1 | 44 44 I
7 A1B1C1C1 | 97 97 AP
8 A7B1C1C1 | 20 20 128
9 A1B1A1D1 | 9 9 néhor
10 A7B1A7D1 | 8 8 néhar
11 A1B1C1D1 |2 2 20N

Total | 360

Table 3.6 Selection of verbs inside the dictionary as per their categories

c) Annotation

The words in the test cases are manually annotated as valid and invalid. Words which tend to
follow a certain pattern but with no meaning are identified as invalid. The rest are annotated as
valid. Once the system flags a word as valid or invalid, it compares the result with the given
annotation and notifies whether the system gives the intended result or not.

d) Testing and Evaluation

The prototype is tested and evaluated against the prepared test cases. The performance of the

prototype is measured by comparing the results with the manually annotated test cases.

The results found from the error detection experimentation phase of the proposed system are
classified by using a classifier evaluation metrics called confusion metrics. “Given m classes,
an entry, CMi,j in a confusion matrix indicates number of tuples in class i that were labeled

by the classifier as class j” [38].



. Predicted Correctly Spelled Predicted Misspelled
Actual class/ Predicted class Words Words
Actual Correctly Spelled Words | True Positives (TP) False Negatives (FN)
Actual Misspelled Words False Positives (FP) True Negatives (TN)

Table 3.7 A confusion matrix showing classification of results of the experiment

True positives (TP) — number of correctly spelled words that were correctly identified as valid
True negatives (TN) — number of misspelled words that were correctly identified as invalid
False positives (FP) — number of misspelled words that were incorrectly identified as valid

False negatives (FN) — number of correctly spelled words that were incorrectly identified as

invalid

According to [39], to evaluate the performance of a spell checker, precision, recall and
predictive accuracy measures are used. Precision measures what percentage of words the
system label as valid are actually valid. Precision is related to accuracy of the system in flagging
words. That is, it measures the accuracy of the system in identifying only correct words as valid
and only incorrect words as invalid [39]. Precision can be divided into two: Lexical Precision

and Error Precision.

Lexical Precision is calculated by dividing number of correctly spelled words that were
correctly identified (True Positives /TP/) by the number of words that are identified as valid
(the sum of True Positives /TP/ and False Positives /FP/) [39].

TP

Lexical . . —
exical precision —TP T FP

Error Precision is calculated by dividing number of wrongly spelled words that were correctly
identified (True Negatives /TN/) by the number of words that are identified as invalid (the sum
of True Negatives /TN/ and False Negatives /FN/) [39].

TN

E . . —
rror precision —TN TFN



Recall measures the percentage of words the system correctly flags as valid or invalid. Lexical
recall measures the percentage of correctly spelled words the system label as valid [6]. Error

recall measures the percentage of incorrectly spelled words the system label as invalid.

Lexical Recall is calculated by dividing number of correctly spelled words that were correctly
identified (True Positives /TP/) by the sum of correct words that are identified as valid (True
Positives /TP/) and the number of correct words that are identified as invalid (False Negatives
/EN/) [39].

TP

Lexical recall = TP-I-—FN

Error Recall is calculated by dividing number of incorrectly spelled words that were identified
as invalid (True Negatives /TN/) by the sum of incorrect words that are identified as invalid
(True Negatives /TN/) and the number of incorrect words that are identified as valid (False
Positives /FP/) [39].

TN

E ll =7
rror reca TN T FP

Predictive Accuracy of a spelling checker shows the possibility of handling any candidate word

accurately, whether the word is valid or invalid [39]. It is computed by the following formula:

TP+ TN
TP+ TN +FP+FN

Predictive Accuracy =

The error correction and suggestion capability of the system is measured by checking whether
the intended correction is situated inside the list of closer words displayed by the system [19].
From the generated list, suggestions whose distance with the candidate word is above 0.65 are
displayed. This threshold is computed from an analysis made by comparing the distance
between the candidate word and the suggestions generated by the system. The analysis shows

that the intended word is located in suggestions whose distance is above the mentioned value.

vi. Communication
The final step involves summarizing the test results and presenting conclusion and
recommendation from the test results. Challenges during the DSRM process are also presented
and reported at this stage.



CHAPTER FOUR
SYSTEM DESIGN AND ARCHITECTURE

4.1 Overview

This chapter discusses the architecture of the system, the designed Amharic spelling error
detection and correction algorithm, the rule definition structure designed as an input for the

algorithm. Moreover, stored knowledge base components used by the prototype are discussed.

Section 4.2 discusses the general architecture of the system. Components of the architecture
and their functionalities are thoroughly discussed in Section 4.3. Section 4.4 discusses the

design of the system and the flow of steps to detect and correct spelling errors in Amharic.

4.2 General Architecture

The spell checker consists of three main components namely Preprocessor, Error Detector and
Error Corrector. The preprocessor component is responsible for accepting a block of text from
the user, tokenizes each word, removes punctuation marks except the compound words
concatenator hyphen °-* character, removes duplicates and passes candidate words to the next
component. The Error Detector component accepts a candidate word from the preprocessor
component and analyzes the word for spelling errors. To do so, it splits the word into unigrams,
bigrams and trigrams. Next, it compares the n-grams with affixes on existing sets of rules. It
filters rules with matching affixes. Each rule is analyzed till the probable stem of the word is
identified. The derivation pattern of the stem is compared with the one on the rule. If the word
fully matches the definition of one of the filtered rules, the word is flagged as valid. This

component flags the word as invalid if none of the rule definitions match.

The Error Corrector component accepts invalid words, estimated location of errors and rule
weights from the previous component. It uses this information to generate suggestions that are
closer to the candidate word. It compares the generated suggestions with the word and takes
and returns suggestions whose distance with the candidate word is above 0.65. The algorithm

on Listing 4.1 shows the general steps followed to spell check an Amharic candidate word.



BEGIN

1 Search WORD in Dictionary Lookup

2 if WORD is found

3 result = Correctly Spelled

4 Mark WORD as Correctly Spelled

5 else

6 Divide WORD into n-grams

7 Search matching Conjuctions, Preposition and Affixes

8 if affixes match

9 Compare preceding and following affixes

10 Read derivation pattern

11 Compare Derivation Pattern

12 if derivation pattern matches

13 reverse word to stem form

14 search generated stem in dictionary lookup

15 if generated stem is found

16 result = Correctly Spelled

17 else

18 result = Incorrectly Spelled

19 Mark error position

20 else

21 result = Incorrectly Spelled

22 Mark error position

23 else

24 result = Incorrectly Spelled

25 Mark error position

26 If result = Incorrectly Spelled

27 Replace errors with probable correct char at error position

28 Generate Suggestions

29 Find closer stem words and generate suggestions
END

Listing 4.1 General algorithm used by the spell checker

The spell checker accepts the candidate word and searches it inside the stored words knowledge
base. If the word is found, it marks the word as correctly spelled (Lines 1-4). If the word is not
found, it divides the word into n-grams (unigrams, bigrams and trigrams) and searches the
morphological rules database for matching affixes, conjunction and preposition (Lines 5-7). If
there are matching affixes, it continues to compare the preceding and following affixes on the
matched rules (Lines 8-9). When there are no more matching affixes, it generates the derivation
pattern of the processed word and compares it with the rule in question. If the derivation pattern
matches, it reverses the word to its stem form and searches it in dictionary lookup. If it is found,
it marks the word as correctly spelled, if not it flags it as incorrectly spelled and marks error
position (Lines 10-19).

If all derivation patterns of the matched rules do not match, it marks the word as incorrectly
spelled and marks the position of the error. Error position is marked in any occasion when
mismatch in rule definition occurs. This is later used to generate corrections (Lines 20-22). If
affixes do not match or are not close to each other, it marks the error position and labels the



word as invalid (Lines 23-25). If the result is incorrectly spelled, it replaces characters at error
position with the probable correct characters and generate suggestions. It also searches for
closer stem words and does the same replacement on closer words and generate suggestions
(Lines 26-29).

4.3 System Architecture and Algorithm Design

The spell checker works by accepting a block of text, splitting it into words and analyzing each
word for spelling error. It then identifies the word as either valid or invalid and gives a closer
suggestion for incorrect words. The spell checker follows three steps to accomplish this. These
are Preprocessing, Error Detection and Error Correction. Fig. 4.1 shows the general

architecture of the system.

Block of Text

Pre-processing

Error Detector

Error Corrector

Corrected Block of
Text

Fig. 4.1 General Architecture of the System

The system uses three stored databases in the background. These are Morphological rules,
Dictionary lookup and Amharic characters database. It also uses Distance Calculator
component which is part of Rule Filter, Stem Extractor and Suggestion Ranker components.
Fig 4.2 shows the detailed architecture of the system. The functionalities of each component

are discussed in the following section.
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I. Tokenizer

In the preprocessing step, this component is responsible to segment a given block of text into
tokens for further processing [40]. The process involves splitting the block of text at the point
where a separator character (in this case space) is detected. It also involves removing
punctuation marks except hyphen ‘-> which is used to combine compound words [40]. In
addition, it removes duplicated words and passes one instance of each repeated word. Each
word is sequentially given to and processed by the spell checker. It works by looking for a
separator character, in this case space and punctuation marks and splitting the text at the point
where the separator is detected. Once the splitting is done, puncuation marks except the
compound words concatenator are removed. Taking compound words into consideration,
punctuation mark hyphen ‘-’ is kept. Compound words are made of two words connected by
the punctuation mark ‘-’ and have meanings that is different from the words they are made of.
Since there is no standad in writing compound words [26], in this research, it is assumed that
compound words are written either separated by a hyphen ‘-’ or as a single word. Compound

words separated by a space are not considered. Listing 4.2 shows the algorithm used by the

tokenizer.
BEGIN
1 Read block of text
2 split point = 0
3 Do while end of document is reached
4 If the character is different from separator or punctuation mark
except hyphen
5 SRip
6 Else
7 Mark as split point
8 previous split point = split point
9 split point = current position
10 Split the word from current to previous split point
11 Return word

Listing 4.2 Algorithm to tokenize block of text to words [40]

The algorithm to tokenize a block of text starts working by reading a block of text and
initializing the first split point, which is at position zero of the block (Lines 1 & 2). Until the
end of the document is reached, it iterates through each character in the text till it finds a
separator character or punctuation marks except hyphen character. Separator characters in

Ambharic can be space or punctuation marks represented by two dots (:) or four dots (::). Other



punctuation marks include ‘¥, ‘@, ¥ and ‘. When it finds one of the specified characters, it
marks the first split point as the previous split point and marks the current position as the split
point. It then takes out the characters starting from the previous split point to the current one
and returns the resulting word. This process is repeated till the end of the block of text is
reached (Lines 3 & 11).

ii. Dictionary Searcher

This component accepts a word from the Tokenizer or Rule Filter component and searches the
Dictionary Lookup for the word. If the word is found, the candidate word will be marked as
valid. If the dictionary searcher receives the word from the tokenizer component and if the
word is not found, it sends the word to the n-gram splitter for further processing. If it receives
the word from the Rule Filter component and if the word is not found in the dictionary, it is

marked as invalid.

BEGIN
Read candidate word, type
n=o0
found = false
next word = wordIn]
word type = typeln]
Do While found = true OR end of dictionary = true
if candidate word = next word and type = word type
found = true
break
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else

[
o

next word = word[n+1]

~
~

End While
Return found

N R
W N

END

Listing 4.3 Algorithm to search the dictionary lookup component

The algorithm on Listing 4.3 reads the candidate word and word type, initializes variables that
hold the position of a word in the dictionary, that holds the next word and type to be compared
and a flag that tells if the candidate word is found in the dictionary or not (Lines 1 — 6). It then
goes through the words in the dictionary till the word is found or end of dictionary is reached.
If a matching word and type is found, it changes the variable ‘found’ to ‘True’ and breaks the
loop. Otherwise, the loop will end keeping the value ‘False’ inside the variable ‘found’. It
finally returns True if the word is found and False if not (Lines 7 — 13).



iii. n-gram Splitter

This component receives a word from the Tokenizer component and splits it into unigrams, bi-

grams and tri-grams. It passes the n-grams to the Rule Filter component. The length of Amharic

affixes can range from one to three characters. That is why the number of characters in the n-

grams is limited to three.

Candidate word - aeanns

h

?

a n n 1A Unigrams

he

fa an an ne Bi-grams

AP0

£a0 aan ané Tri-grams

Fig. 4.3 n-grams generated from the word Afd40c (syasibabira)
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END

BEGIN

Read candidate word
Letn=1
While n <=3
Split word into n number of sequences
ifn=1
Store in unigrams
ifn=2
Store in bigrams
ifn=3
Store in trigrams
n=n+1
End While
Return unigrams, bigrams, trigrams

Listing 4.4 Algorithm to split a given word into n-grams [41]

The n-gram splitter algorithm on Listing 4.4 reads the candidate word and initiates the variable

n as one. n decides the number of n-grams (Lines 1 & 2). Then, if n = 1, the given word is

divided into a set of unigrams, if n = 2 and n = 3 into bigrams and trigrams respectively. The

value of n is increased by one till n is less than or equal to three. It finally returns list of

unigrams, bigrams and trigrams (Lines 3 - 13).



iv. Rule Filter

This is the main part of the spell checker with fundamental functionalities. The Rule Filter
component accepts splitted characters from the n-gram splitter. It searches for rules which have

matching conjunctions, prepositions, prefixes and suffixes inside stored morphological rules.

The Rule Filter component accepts unigrams, bigrams and trigrams at the same time from the
n-gram splitter and performs several actions. The rule filter does not process a rule for just one
n-gram. A rule can contain more than one n-gram, therefore the rule filter processes rules for
combinations of unigrams, bigrams and trigrams. These actions are performed by sub-

components with distinct functionalities.

Search Conjunctions — searches morphological rules knowledge base for the unigram, bigram
and trigram which is located at the end of the word. That is the last set of characters in the list

received from the n-gram splitter (Line 2).

Search Prepositions — Similarly, matching prepositions to unigram, bigram and trigram at the
beginning of the word are searched and retrieved from the morphological rules knowledge base
(Line 3).

Search Prefixes — looks for matching prefixes inside Rules database. Similar to suffixes, only

the prefix at position one is checked for matching at this stage (Line 4).

Search Suffixes — searches character(s) received from the previous component at the fifth
position of suffixes on defined rules. A word can have more than one suffix. However, at this
stage, only the last suffix (position five) is checked for matching and the rest are handled in the

steps that follow (Line 5).

After matching rules are identified, common rules that fulfill more than one criteria are grouped
together. i.e. The rule filter filters rules with prepositions, conjunctions or affixes with in the
unigrams, bigrams and trigrams passed from the previous component. Once the Rule Filter
searches for matching affixes, it drops the matches from the candidate word. Then, the resulting
word is processed with the same rule definition. If the matches are suffix and conjunction, it
checks to see if the character/s in the preceding column of the rule definition table is the same
as that of the word. It successively cuts one, two and three characters from right to left and
compares them with the suffixes on the preceding column of the rule. If one of them is a match,

the character/s will be dropped from the processed word (Lines 6 - 10).
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BEGIN
Read candidate word, unigrams, bigrams, trigrams
Conjunction Rules = search matching conjunctions
Preposition Rules = search matching prepositions
Prefix Rules = search matching prefixes
Suffix Rules = search matching suffixes
if there are matching conjunction or suffix rules
Do While no preceding suffix and no closer preceding suffix
if there are preceding suffixes
processed word = drop Suffix
Process next suffix
else
search closer preceding suffixes
if there are closer preceding suffixes
replace with correct suffix
marR error position
drop corrected suffix
process next suffix
add rule weight
else
pass processed word to Stem Extractor
End While
else if there are matching preposition or prefix rules
Do While no following prefix and no closer following prefix
if there are following prefixes
processed word = drop prefix

Process next prefix
else
search closer following prefixes
if there are closer following prefixes
replace with correct prefix
mark error position
drop corrected prefix
process next prefix
add rule weight
else
pass processed word to Stem Extractor
End While
Return Processed Word, error positions, error correction, rule weight,
dropped dffixes

END

Listing 4.5 Algorithm used to filter rules
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If none of the preceding characters match, it searches for affixes which are closer to first,
second and third characters taken from right to left. To call an affix closer, the distance between
the affix and the n-gram should be above a threshold value 0.5 (Line 12). If no affixes are close,

it passes the full word to the stem extractor (Line 19 & 20).

If there are any closer affixes, the system assumes that this is the position where the error
occurred. It marks this position and later passes it to the Suggestion Generator component. It
replaces the possibly wrong affix from the word with the closer affix from the rule definition
and increments the weight of the rule. It then drops the corrected suffix and repeats the same

process to the resulting word till there are no more matching or closer affixes (Lines 13 - 18).

If the matching affixes are preposition and prefix, it checks if the following affixes match first,
second and third characters of the word from left to right. The processes that follow are similar
to the one discussed for matching suffixes (Lines 22 - 37). In case of common rules, the steps

explained are merged to process the word.

Rules with matching preceding or following affixes and rules with matching closer preceding
or following affixes are given a higher rule weight. This helps to identify the most probable
derivation rule used to derivate the given word, whether the word has correct spelling or not.
The rule weight helps to rate identified rules and figure out the rule that is used to inflect the

candidate word.

Finally, the processed word, the error positions marked, the error corrections identified, the
dropped affixes and weight of each rule processed are returned and passed to the stem extractor

component (Line 38).
v. Stem Extractor

Once the rule filter gives up, it gives the extracted word to the stem extractor. This component
is responsible to identify the probable stem word. First, it checks if the derivation pattern
matches the one on the selected rule passed from the Rule Filter component. If it does, it
reverses the word to its stem form. The stem pattern is also part of the selected rule. Once the

stem is extracted, it will be sent to the dictionary searcher.

The Stem Extractor has two functionalities namely generating derivation pattern and reversing

the pattern.



a) Generate Derivation Pattern — generates the derivation pattern of the word

BEGIN
Read candidate word

[

2 Character Representations = [A,B,C,D,E,F,G H....] n=0

3 While n < length of word

4 Read character n

5 Char Repr = Search character in Amharic Characters Database
6 Order = find order in Amharic Characters Database

7 Concatenated = Char Reprin] + Order

8 Derivation Pattern = Derivation Pattern + Concatenated

9 End While

10 Return Derivation Pattern

END

Listing 4.6 Algorithm used to generate derivation pattern

The algorithm that generates the derivation pattern works by reading a candidate word and
initializing English letters that represent each character in the word (Lines 1&2). Till it reaches
the end of the word, it reads each character from Ambharic characters’ database component and
finds out the order. It then represents each character by an English letter followed by the order
of the character. If there are one or more characters with the family, they will be represented
by the same English letter. Finally, it returns the pattern generated (Lines 3-10).

b) Reverse Derivation - reverses the word to its stem form

BEGIN
Read Derivation Pattern
Read Word Pattern, word
Character Representations = [A, B, C, D, E, F, G, HI
n=o0
While n < length of derivation word
Read character n
Read order of character n
Do While character n is found in Word Pattern
Search character n
Retrieve order of character n
Reversed Char = Change derivation order to word order
Reversed Word = Reversed Word + Reversed Char
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End While
Return Reversed Word

Rk
N QW

END

Listing 4.7 Algorithm used to reverse derived word to its stem




The above algorithm reads the derivation pattern and the word pattern of the specified rule
from stored rule definitions and the word from the system (Lines 1&2). It then initializes
variables that store English letters for character representation and the number of processed
characters (Lines 3&4). The derivation pattern passed to this method is the same as the given
word’s pattern. Keeping this in mind, it reads each character of the word and its order from the
derivation pattern and changes it to the corresponding order on the word (stem) pattern. It
appends the reversed character to the reversed word till the end of the word is reached. At last,
it returns the reversed word (Lines 5-14).

vi. Distance Calculator

This component is responsible to find the distance between two Ambharic words. It uses an
algorithm specially designed for Amharic characters. It is shown by a preliminary experiment
done to compare distance calculation algorithms that none of the algorithms give the intended

result to find the difference between two Amharic words (See Section 5.1.2).

The distance calculator uses the algorithm shown on Listing 4.8. The algorithm starts by
finding matching blocks of character(s) between the two words. It also identifies un-matching
blocks of text for both words. Leaving the matched blocks, it compares the distance between
combination of characters of unmatched blocks in the same position and computes the average.
Characters in the same row of an Amharic alphabet are given a distance of 0.7 because it is
assumed that the user has most likely typed one of the characters correctly. This assumption is
made because it takes to press the main key which holds the family followed by a vowel to
change its order. For example, to type the character a (sd) using Power Ge’ez, one has to press
the ‘S’ key followed by ‘E’. And, to type & (su), ‘S’ followed by ‘U’. So, if the user mistakenly
typed su for sd, the difference between the two is very small resulting in a higher value. The
distance calculator is designed in such a way that distance of one means, the compared words
are exactly the same. That is, the value keeps decreasing to zero when the difference between
the words keeps getting wider (Fig 4.5). As a result, in this algorithm, the higher the distance,
the closer the words are.

Characters in the same column of the Amharic alphabet are given 0.5 distance. This is assuming
that the user typed the order of the character correctly and mistyped the family. The distance is
less from the first case because it is unlikely to make such mistake than the previous. This is
confirmed by the analysis explained in Section 5.2.1. Similarly, characters with no matching
family and order are given 0.3 distance. Substituting a character with another one from a



different family and order is also less likely (Section 5.2.1). Distance between any character
and a missing character is given a distance of 0.1 because it is clear how far the two are. On

the contrary, the same characters are given a distance of one. Fig 4.4 depicts the above

oY 7
17N " /T A0 "Ny K \1
CA\U 07 U‘K>
0.5 o? 0.5
1 C/A o7 (\‘v\> 1
% i°'y Fig. 4.4 Values used by the distance calculator

To identify the weights between Amharic characters of different family and order, an analysis
is made on two words (a¢-@- and as-+) which contain a pair of the same characters, a pair of

characters in the same family and a pair of characters in the same order.
First, the following assumptions are made:

i) Distance between two words ranges from 0 to 1 (0 < d <=1). Value 1 shows the words
are exactly the same.
i) As the depiction on fig 4.5 shows, five conditions are identified and their value lies

between 0 and 1.

a b c d e
| | I | T
| | I |
0 : : ! : 1
| | | | J
! ! ! !
Any family, any order  Different family Different family Same family Same family

empty Different order Same order Different order Same order
(Same characters)

Fig. 4.5 Distance between characters by family and order
iii) Distance between characters of different family and order lies in the middle, that makes
the distance 0.5
iv) Distance between characters of same family and different order is greater than the
average and distance between characters of different family and different order, which



is in turn is less than the average value. Because, the probability of making the first

mistake is higher than the second (Section 5.2.1)

In order to figure out the distance between characters on conditions b and d (Fig 4.5), distance
between words (a¢-@- and a4-t) is calculated for each decimal values 0.1, 0.2, 0.3, 0.4 for the
first and 0.6, 0.7, 0.8 and 0.9 for the later.

0 ¢ -
a 2 +

D=d(A, () + (& ) + d(é ) + d(@-, &) + d(@-, )

Different family

Different order
0.1 0.2 0.3 04
0.6 0.46 0.5 0.54 0.58

Same family

Different order | 0.7 0.48 0.52 0.56 0.6
0.8 0.5 0.54 0.58 0.62
0.9 0.52 0.56 0.6 0.64
Sum 1.96 2.12 2.28 2.44

Table 4.1 Calculation to compute weights on distance calculator

Sum of values computed for each combination

Average distance = —
g Number of combinations

6.8

Average distance = T: = 0.55

As shown on Table 4.1, a value close to 0.55 is computed when values 0.7 and 0.3 are used.
From this analysis, distance between characters of same family and different order is 0.7 and

distance between characters of different family and same order is 0.3.

Distance between any character and an empty character is computed after doing the same

analysis as above.

The algorithm on Listing 4.8 shows the steps used by the distance calculator. It starts working
by reading the words that are going to be compared. It then initializes variables to store distance
between characters and number of comparisons (Lines 1 & 2). It then finds matching and
unmatched blocks of text (Line 3 & 4). For each un-matching blocks of character(s), it takes

all the possible combinations of characters and compares their distance based on the conditions



and values discussed (Line 5-19). It then adds distance between matched blocks i.e. length of

matched block to the distance computed from the unmatched blocks (Line 20-21). Finally, it

computes the difference by dividing the distance by the number of comparisons and returns it

(Line 22-23).
BEGIN
1 Read word1, word2
2 comparisons = 0, distance = 0
3 Find matching block of characters
4 Find unmatching block of characters
5 for n in unmatching blocks
6 for i in len(lunmatching block)
7 char1 = charcter in first block
8 char2 = charcter in second block
9 comparisons += 1
10 if family(char1) = family(char2) and order(char1) = order(char2)
11 distance += 1
12 elseif family(chari1) = family(char2) and order(char1) != order(char2)
13 distance += 0.7
14 if family(char1) != family(char2) and order(char1) = order(char2)
15 distance += 0.5
16 if family(char1) != family(char2) and order(char1) != order(char2)
17 distance += 0.3
18 ifchar1 = "orchar2 ="
19 distance += 0.1
20 for m in matching block
21 distance += len(matching block)
22 difference = distance / comparisons
23 return difference
END

Listing 4.8 Algorithm to calculate distance between two words

The following demonstration (Fig 4.6) shows how the distance calculator is used to calculate

the difference between 7 and frifs7-
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Example 1

nin| <+ P NN |4 |

N nj<c |+

PlhA N | 4|t

dC, 9)=01 Total distance =0.1+1+1+0.7+03+0.3+0.5
d(a,a)=1 =39

d(n,n) =1 Total number of comparisons = 7

d(& ¢) =07 Difference = Total distance

d(¢, 1) =03 Total number of comparisons

d(f, ¢)=0.3 =3.9/7

d(f, +)=0.5 =0.56

Fig. 4.6 Distance calculation to calculate the difference between az7 sabbarac) and Padls7
(yasabbarut)

vii. Suggestion Generator

The suggestion generator accepts the most probable position and cause of the spelling error
from the rule filter and stem extractor, use that to generate possible suggestions. It reverses
back the error on the positions received from the previous steps. It also reattaches all the
dropped affixes, conjunctions and preposition in the rule filter component. It accepts list and
location of correct affixes, preposition, conjunction from the rule filter component and appends
them to the processes derived stem. When it does that, affixes with errors are replaced with
corrections passed from the rule filter. Stem words which are closer to the extracted stem word
are also used to generate suggestions. The distance calculator finds closer stem words and the
suggestion generator follows the same derivation style to change the new stem to the form the
candidate word follows. Finally, it calculates the distance between the generated words and the

candidate word and passes it to the next step.
viii. Suggestion Ranker

This component receives list of suggestions and their distance from the candidate word from

the suggestion generator. From the generated list, suggestions whose distance with the



candidate word is above 0.65 are selected and displayed for the user. An analysis made by
comparing the distance between the candidate word and the suggestions generated by the
system shows that the intended word is located in suggestions whose distance is above the

mentioned value.
Stored Knowledge bases

The architecture consists of three stored knowledge bases namely Dictionary Lookup,

Morphological Rules and Amharic Characters database.

i. Dictionary Lookup

Dictionary lookup is a knowledge base used by the spellchecker which contains stored set of
Ambharic stem words (verbs, nouns, adjectives and adverbs). Stem verbs in Amharic are
characterized by having a sixth order character at the end. However, the stem words used in
this repository are slightly different. For ease of use, verbs showing actions by a masculine
subject are stored (Appendix 2). The spell checker will look for the given word in this

repository and if not found, it will jump to the next step.
1. Morphological Rules

A morphology-based spellchecker works by using a stored set of rules defined manually. The
morphological rules component contains rules to derivate and inflect an Amharic stem word to
different forms. To make the system more efficient, the rules are stored in a csv file. The file
contains fourteen columns that define the characteristics of the rule. Table 4.2 shows the

structure used to manually define the rules.

Position 4 3 2 1 1 2 3| 4 >
Rule "\ Rule | b | py | p3|p2| pi| Stem | Derivation | S1 | S2 | S3 | Sa | S5 | Conj | n | POS
Format | Name
Sarr;ple Rule1 | a72 + | A1B1C1 | A1B4B1C4 T | OF0- g 3 Verb
Safgple Rule 2 | a%e @1.2Z6 @1.Z7 F B Noun
Sarr31ple Rule 3 _ _ [ Noun
3 § 32
n =.
] Prefixes Derivation Pattern Suffixes % § %
= = SN
S ) RS

Table 4.2 Structure of morphological generation rules




An Amharic word can have up to four prefixes and five suffixes [22]. Taking this into
consideration, the rules are designed to have slots for the mentioned amount of affixes. In
addition, preposition which comes in the beginning of a word and conjunction which comes at

the end are given a different slot.

The derivation pattern defines the way the characters in the given stem change their order to
give the inflected word. The number of characters in the stem is also stored to make the

searching easier and efficient for the spell checker.

The first column Rule_Name shows the unique name given to each rule. Giving a unique name
to rules makes it easier to identify and process them during error detection and correction. The
next column is where the preposition used by the rule is stored. If the rule has no preposition,
it stays empty. The next four columns specify the possible prefixes that follow the preposition.
Four slots are dedicated because prefixes can range from one to four. The next two columns
specify the stem and derivation patterns of the rule. As can be seen from the samples, these

columns can be fully represented, partly represented or not represented at all.

On Table 4.2, on the first sample, each character is represented by English letters followed by
the order of the character on the Amharic alphabet. For instance, Sample 1 shows the

formation of aané-- (s@babdra-) from ane (sabdra).

1] n (4 1] n n b

A B C A B B C

1 1 1 1 4 1 4
A1B1C1 A1B4B1C4

Fig. 4.7 Stem and derivation pattern to inflect the word A« (sabéara) to A~ (sibabara-)
However, the derivation and stem pattern of the rules might be partly known. The second
sample shows such scenario. For example, for nouns ending in six order character, adding the

suffix a7 could result in the rule specified on Sample 2.

h 17 C h 17 c +
@ Z @ Z
1 6 1 7

@1_26 @1_27

Fig. 4.8 Stem and derivation pattern to change the noun Az (agar) to its plural form Az27 (agaroc)

The third sample shows a rule whose inflection does not depend on the stem and derivation

pattern. For example, derivation of v-Aar¢ from v-Aavg,



The next five slots are dedicated for possible suffixes that follow the word derived by the
derivation pattern. The number of suffixes can range from one to five. The next column is
where conjunction that follows the suffix is stored. The columns next to last shows the number
of characters of the stem word. This column helps not to make unnecessary search inside the
repository of words. The last column is where we specify the word class the rule applies to

(either noun or verb). This also helps in making the searching efficient.
iii. Amharic Characters Database

This is where all characters in Amharic are categorized and stored. The format follows the

representation used by the Amharic alphabet set “fidel’ (Appendix 5).

4.4 System Design

Morphologically complex languages like Amharic are characterized by having a lot of complex
derivation rules. Defining all morphological generation/ derivation rules and performance issue
of going through all rules to detect spelling error are the drawbacks with morphology-based
approach. The system uses an algorithm that solves this performance issue. Fig 4.9 shows a
flowchart that depicts the workflow used by the system.

As the flowchart depicts, it tokenizes the given sentence and processes one word at a time. It
reads a word and searches it inside the dictionary of stored stems. If it is not found, it divides
the word to n-grams and starts comparing the n-grams with prefixes, suffixes, conjunctions and
prepositions on rule definitions. It repeats this process till there are no more affixes. If there are
no more affixes, it identifies the probable stem word. If the derivation and stem pattern of the
probable stem word matches, it looks for the reduced form of the stem inside the dictionary. If
the patterns do not match, it searches the dictionary for closer words which are above a defined
threshold value. Following that, it applies the generation rule to generate a suggestion. Finally,
it ranks the suggested words. It repeats the same process till all words in the sentence are spell

checked. The example shown on Fig. 4.10 demonstrates the steps explained above.
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-
Candidate word - Azetaaem4fyaros
e Search WORD in Dictionary => Word not found
e Divide into n-grams
A 7| & |+ A |ao| oo | 8§ Tl v | 0 F | @ | ¢ | unigrams
Wio| 1| &t | A | aoe | eooo | ook | &F | Fue | 00 | OF | Fo- | @6 | bigrams
MR | it | Rt | taev | aovav | avav§ | o&F | GFp- | Foa | 00F | OF0- | Fo | trigrams
e Search matching rules
Pre P4 | P3| P2 | P1 | Stem | Derivation | S1 | S2 | S3 | S4 S5 Conj n
Rule 1 1§44 A1B1C1 | A1B4BiC1 q 3
Rule 2 W78 + | A1BiC1 | A1B4Bi1C4 Fu | OFo- q 3
Rule 3 11§24 + | A1BiC1 | A1B4B1C6 h | OFo- q 3
Rule 4 h 14 + | A1BiC1 | A1B4Bi1C6 i AFm- q 3
A3 HABDETP-TFDG WL TAT R TFUOF DG
Drop Az€and § Generate suggestions
BB ST - W/ORD is incorrectly
spelled
Drop 7 and f#Fa-
Agear BTy Found
Drop 7 Search in dictionary
Agean s Aaog
Generate derivation pattern Reverse derivation pattern
AIBIBIC4 Afjaok
Match derivation pattern Replace with correct pattern
AIBIBIC4 != AIB4BI1C4 Error position = 2
Mark error position
-

Fig. 4.10 Spell checking steps of the wrongly spelled word A 2€+Aee4Fy-aFm-5

(endédtéldmdméddacahubacéwena)
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CHAPTER FIVE
THE EXPERIMENT

5.1 Overview

This chapter discusses preliminary experiments performed prior to the main experiment,
explanation of the preparation of test cases, development tools used, prototype used to test the
system and evaluation and test results found from the main experiment. Section 5.2 discusses
the findings from a preliminary experiment and an analysis made prior to the main experiment.
The results found from the analysis and preliminary experiment are used as an input for the
main experiment. Section 5.3 explains the prototype of the system, its components and the tools
used to develop the prototype. Section 5.4 discusses the evaluation results, the findings of the
experiment and summary of test results. Section 5.5 discusses the findings of the experiment
by comparing the results with previous research works. Section 5.6 presents the challenges

faced during the experiment and discusses the limitations occurred by them.

5.2 Preliminary Experiment and Analysis

5.2.1 Common Error Patterns in Amharic

A document randomly selected and downloaded from the web was manually checked for
spelling errors. Out of 4364 words, 75 errors were identified. From the errors identified,
majority (87%) of them were non-word errors, while the rest are real-word (Appendix 7). In
addition, 96% of the errors were single errors i.e. the error is located only on one character of

the word.

From the errors, the proportion of errors occurred on verbs and nouns is almost equal. This
shows that people could make spelling mistakes equally on nouns and verbs. Analyzing the
type of error shows that most of the errors (65%) are caused by substituting a character with
another one. 16% of the errors are caused by deleting a character. The remaining 20% are
caused by insertion, run-on, split word and substitution. Errors caused by transposition were

not identified.

Interestingly, 67% of the substitution errors are caused by substituting a character with another

character of the same family and the error occurred in the middle position.



Analyzing the errors caused by deletion shows that deletion is the next cause of spelling errors

in Amharic and most of the cases show that the omission occurs at the end of the word.

The following table shows the number of spelling errors found, their type disaggregated by

position, type of error and word class the error has occurred.

Number of
Errors
Verbs 35
Nouns 35
Occurrence of Error Adjectives 3
Others 2
Single 72
Number of Errors Multiple 3

Table 5.1 Results from analysis of common error patterns

Type of Error | Total Number | Cause of Error Location of Error Number of
of Errors Errors
Non-word 65 Substitution same family 45
Substitution same family, middle 33
Substitution same family, first 4
Substitution same family, last 7
Substitution same family, middle, last 1
Substitution Multiple 2
Deletion Middle 2
Deletion First 2
Deletion Last 7
Insertion - 5
Transposition - 0
Mixed - 3
Real-word 10 Run-on - 4
Split Word - 3

Table 5.2 Results from analysis of common error patterns disaggregated by location & cause of

errors

From the results found, this research is going to focus on non-word errors. In addition, the

algorithm will first look for substitution errors in both verbs and nouns. If not found, it will

move to looking for deletion errors. Then, insertion error will be considered based on the results

found from the previous steps. This will help to make the algorithm more efficient.



5.2.2 Experiment - Distance Calculation Algorithms Comparison

In this experiment, seven distance similarity measure algorithms were compared for the verb
an< (sdbdrd) and its inflections. The algorithms compared in this experiment are cosine
similarity, Euclidean distance, manhattan distance, minkowski distance, jaccard similarity,
python’s sequence matcher and levenshtein distance. Table 5.3 shows the distance computed
by each distance calculation algorithm for each pair of words.

ans Vs

anZ | a0é | a0 | a0NC | Aa0Z | Q0@ | fa0NEt | RANC

Euclidean distance 0 1414 | 1414 | 1414 | 1.414 | 1414 | 1414 | 1414
Manhattan distance 0 2 2 2 2 2 2 2
Minkowski distance 0 126 | 1.26 | 1.26 | 1.26 1.26 1.26 1.26
Cosine similarity 1 0 0 0 0 0 0 0
Jaccard similarity 1 1 1 1 1 1 1 1
Python’s 1 0.67 | 0.33 0 0.85 0 0.5 0.57
SequenceMatcher

Levenshtein distance 0 1 2 3 1 4 3 2

Table 5.3 Distance computation between a4z and its inflections with existing distance calculation
algorithms

The results on the first column of table 5.3 shows that Euclidean distance, Manhattan distance,
Minkowski distance and Levenshtein distance algorithms give a distance of zero when the
words compared are the same. In the case of cosine similarity, jaccard similarity and python’s

SequenceMatcher, a distance value one implies that the words are the same.

The distance given by the first five algorithms is the same for the derivations/ inflections of the
the verb an<. Though the derivations are closer to the stem word, the extent of closure is not
the same. This shows that the Euclidean distance, Manhattan distance, Minkowski distance,
cosine similarity and jaccard similarity are not suitable for word-level comparison of Amharic
words. They are rather suitable to compare documents written in English or other similar

languages.

The distances computed by python’s SequenceMatcher has a better result than the preceding
algorithms, however since it uses exact matching technique, it fails to identify the similarity
with anga- and a-1c even though these words are very close to the stem verb. On the other

hand, Levenshtein distance is typical for string comparisons in language processing



applications. It works by counting the number of operations that has to be performed to change
one word to the other. However, in the case of Amharic, it does not show the closure or
relationship between characters in the same family and characters in the same order. The
distances given for ‘40¢@-’, ‘a-NC’ and ‘eAans-t’ are much higher than what is expected. This
implies that SequenceMatcher and Levenshtein distance are also not fully suitable for Amharic

string comparison.

Based on the results found, none of the algorithms are suitable for Amharic. Therefore, a new
distance calculation algorithm is designed and implemented. The way the algorithm works is
explained in Section 4.3 vi in detail. Table 5.4 shows the distance computed among the same
pair of words with the new distance comparison algorithm. Note how it is able to identify

closure between characters of the same family and characters in the same order.

ané Vs

ang | ang | aNe | A0C | Ad0Z | 00ée- | eaNst | &ONC

Distance Calculator 1 0.9 06 |0433| 06 0.4 0.62 0.7
Table 5.4 Distance computation between a2 and its inflections with the distance calculator

5.3 Prototype of the System

The prototype of the system was developed to show how the system’s architecture and design
presented in Chapter 4 is implemented. It is developed by python programming language. The
prototype uses three reference files stored in csv format. Python is selected as a development
environment because python is known for its efficiency in the implementation of data
processing applications, NLP being one of them. The knowledge base used by the system is
stored in csv format because such formats are very light and pulling data from and saving data
to them does not take much resources. Spell checker applications can benefit from these
characteristics of the tools to be efficient and accurate.

The prototype works by accepting a word or list of words from the user. The latter option was
implemented to make the testing easier for the researcher. The prototype has a GUI shown on
fig 5.1 and 5.2. The user enters a word or a sentence and clicks on CHECK button. The system
tokenizes the given sentence and processes each word and gives a closer suggestion for invalid
words. In future works, the prototype will be integrated with word processing applications.
When that happens, it is expected to have more functionalities like highlighting invalid words

in a different color, replacing invalid words by suggestions given by the system, ignoring error



of words identified as invalid, adding new words to a dictionary and other functionalities as

needed.

74 Yeshi Spell Checker

74491

correct Rule1_53

CHECK hx 8]

Fig. 5.1 GUI of the prototype — spell checking the valid word Z4&#%F falafivoc)

74 Yeshi Spell Checker

ZEPH|

CHECK h% R

00 %84 ZLPA

Fig. 5.2 GUI of the prototype — spell checking the invalid word Z&®A (nédowal) and giving
suggestions

For testing purpose, the prototype accepts sentences from the system, tokenizes them, removes
punctuation marks except the compound words concatenator ‘-’ and saves the resulting words
in separate rows in a csv file. This process is needed so that each word should be annotated as
valid/invalid manually by the researcher. This is later used to evaluate the results given by the
system. The system then takes this list, checks each word for spelling error and returns TRUE
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if correctly flagged and FALSE if not. The results found are again saved in csv format, which

is later used to calculate the performance of the system.

The prototype has seven components.

a)

Tokenizer — This component is responsible to break a given sentence into separate words
and removing punctuation marks except ‘-> on the way. If there are any repeat words, it

removes these words and returns unigue ones only.

M 1n [13]: bibletestcaselist = tokenizer(u'(ePEePsf AMANAL ATIEIS FR0CT dmd i FPRCT® 02 LT ARG AMANTITE smA19® QPdd AR WL PATLANACT

»

b)

NovEanse
K ARG
77875
LT
&mé

goeCyn
ae

0T

4T
AacaTe
AT
OTak

ag

0l
FAALANARLT
L0

NiDrs

Fig. 5.3 Tokenization of Test Case 2
Search Dictionary — searches a given word in the stored set of stem words and returns
Valid if it is found. If not, it passes the word to the next component.
n-gram Splitter — splits the given word into unigrams, bigrams and trigrams and passes
them to the next component.
Rule Filter — takes the first and last unigram, bigram and trigram and looks for matching
rules that contain such n-grams as preposition, prefix, suffix or conjunction. Rules that
contain multiple affixes are identified and processed first.
Pre/Suf Checker — the system accepts the filtered rules from the previous component and
works by dropping the identified n-grams from the word and checking if the following or
preceding affix matches with those on the defined rule. if it comes across an un-matching
n-gram, it suspects it as an error and marks the error position, the probable correct character
and the probable wrong character. It also calculates the rule weight, the number that tells
the system the most likely rule to use when generating suggestions.
Assuming there is an error, it replaces the suspected wrong character(s) with the one
estimated to be correct and repeats the same procedure of comparing following and
preceding character(s) till there are no more matching characters on both left and right
sides. There is a lot more that this component does; it is explained in a general way.



f)

9)

Stem Extractor — the system generates the derivation pattern of the extracted word as
explained in Section 3.2 iii. If the derivation pattern matches with the one given on the rule,
the system reverses the word to its root form based on the word pattern defined on the rule.
Then, it will search the word inside the dictionary. If it is found, then the word is valid, if
no errors are previously suspected. If it is not found, the system keeps looking for more
matching rules. If the derivation pattern does not match, the system suspects that the error
might have occurred at this position and marks it as an error.

Suggestion Generator and Ranker — if the word is finally marked as invalid, the system
generates closer words by going through all the error positions marked and replacing
characters with the correct ones. Accordingly, it looks for closer stem words and applies
the derivation pattern given by the rule. It also replaces suspected wrong prefixes and
suffixes by the correct one. finally, it checks if the generated suggestion is a valid word.

The way the system works is depicted on the output taken partly from python anaconda editor

on fig 5.4. It shows spell checking process for the word x2ana-07 /ayasdbasibananay.



KeANNN7

SEARCHING IN DCITIONARY.........

=> Word NOT Found in dictionary

DIVIDING WORD INTO N-GRAMS......
UNIGRAMS

[u'\ul2a5', u'\ul2eb',

u'\ul230', u'\ul263"',

u'\ul230', u'\ul265', u'\ul295"']

SEARCHING FOR MATCHING RULES....

CONJUCTION RULES

SUFFIX RULES
['Rulel 471", 3,
'Rulel 120', 5, 'Rulel 131', 5,
'Rulel 185', 5, 'Rulel 198', 5,

PREPOSITION RULES

PREFIX RULES
Unigrams

[u'\ul2a5', u'\ul2eb',
conjrulesl []
suffixrulesl
['Rulel 471", 3,
'Rulel 120', 5,
'Rulel 185', 5,

'Rulel 323', 4,
'Rulel 131", 5,
'Rulel 198', 5,

preprulesl []
prefixrulesl []
Bigrams

[u'\ul2a5\ul2eb’',
u'\ul230\ul265"',
conjrules? []

suffixrules?

['Rulel 442', 4, 'Rulel 133', 5,
preprules?2 [1]

prefixrules?2

['Rulel 820', 1]

'Rulel 323', 4,

u'\ul230"',

u'\ul2eb\ul230"',
u'\ul265\ul295"]

'Rulel 338', 4, 'Rulel 394', 4, 'Rulel 399', 4,
'Rulel 170', 5, 'Rulel 175', 5,

'Rulel 219', 5, ...]

'Rulel 146', 5,
'Rulel 200', 5,
(]
[]

u'\ul263', u'\ul230', u'\ul265', u'\ul295"']

'Rulel 338', 4,
'Rulel 146", 5,
'Rulel 200', 5,

'Rulel 394', 4, 'Rulel 399', 4,
'Rulel 170', 5, 'Rulel 175', 5,
'Rulel 219', 5 ...]

u'\ul230\ul263', u'\ul263\ul230"',

'Rulel 586', 5]
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Trigrams

[u'\ul2a5\ul2eb\ul230', u'\ul2eb\ul230\ul263', u'\ul230\ul263\ul230"',
u'\ul263\ul230\ul265', u'\ul230\ul265\ul295"]

conjrules3 [

suffixrules3 [

preprules3 []

prefixrules3 []

FILTERING COMMON RULES. . ... ...ttt neeneennennnn
CONJUCTION RULES [1]
SUFFIX RULES
['Rulel 471', 3, 'Rulel 323", 4, 'Rulel 338', 4, 'Rulel 394', 4, 'Rulel 399', 4,
'Rulel 120', 5, 'Rulel 131', 5, 'Rulel 146', 5, 'Rulel 170', 5, 'Rulel 175", 5,
'Rulel 185', 5, 'Rulel 198', 5, 'Rulel 200', 5, 'Rulel 219', 5 ... ]
PREPOSITION RULES []
PREFIX RULES []
COMMON RULES
['Rulel 820', u'\ul295', 12, 'S', 'Rulel 820', u'\ul2a5\ul2eb', 1, 'R']
Closer words
[u'\ul2a5\ul295\ul2f0"', u'\ul2a5\ul295\ul2f2\ul201\ul2ld"']
PROCESSING COMMON RULES. . ... ..ttt tntenennnnennenns
['Rulel _820', u'\ul295', 12, 'S', 'Rulel 820', u'\ul2a5\ul2eb’', 1, 'R']
[u'\ul2a5', u'\ul2eb', u'\ul230', u'\ul263', u'\ul230', u'\ul265', u'\ul295']
COMMON SUFFIX RULES
Rulel_ 820
1l can not preceed
il can not preceed
Al can not preceed
derivation
A6BAC1DAC1D6
Rule Derivation Pattern Al1B4A1B6
Word Derivation Pattern = A6B4C1lD4C1lD6
Closer words
[u'\ul230\ul260\ul230\ul260', u'\ul2e8\ul265\ul235"']
[u'\ul2a5\ul2eb', u'\ul2eb\ul230', u'\ul230\ul263', u'\ul263\ul230’',
u'\ul230\ul265', u'\ul265\ul295']
COMMON PREFIX RULES
Rulel_ 820
ft can not follow
i1 can not follow
ANA can not follow
Rule Derivation Pattern = AlB4A1lB6
Word Derivation Pattern = AlB4A1BR6

Spelling: correct

Fig. 5.4 Output of the spell checking procedures by the system
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5.4 Evaluation

The system was first tested and evaluated for each class of rules and derivation types identified

during test case preparation (Section 3.2v). Then, the overall performance of the system is

evaluated. The system was evaluated for each group of words so that the researcher will be

able to identify which type of words are challenging for the spell checker (Table 5.5 and 5.6).

Total Valid Invalid TP FN TN FP

Test Case 1
Passive Reflexive (Tederagi) 390 329 61 298 31 61 0
Transitive/ Causative (Adragi) 25 22 3 22 0 3 0
Repeated Transitive/ Causative
(Aderaragi) 25 21 4 21 0 4 0
Transitive/ Causative (Asderagi) 89 75 14 71 4 11 3
Jussive Passive (Yihuntawi) 14 14 0 13 1 0 0
Negative action

Al-, Suffix = Combined 355 338 17 332 6 17 0

Ale-, Suffix = Combined 159 156 3 150 6 ) 1
Prepositions & combined suffix

Be-, Suffix = Combined 72 53 19 48 5 17 2

Ende-, Suffix = Combined 60 50 10 48 ) 5 5

Endemi-, Suffix = Combined 91 89 2 89 0 0 2

Ye-, Suffix = Combined 24 21 3 19 ) 3 0

Yemi-, Suffix = Combined 111 102 9 99 3 8 1
Randomly selected 46 37 9 37 0 9 0
Nouns (Primary & Derived) 174 155 19 149 6 14 5
Test Case 2 89 89 0 89 0 0 0

1724 | 1551 | 173 | 1485 66 | 154 19

Table 5.5 Evaluation results of Test Case One disaggregated by derivation style




Table 5.6 Evaluation metric results of Test Case One disaggregated by derivation style

o g Dh | Pm g ) 3: m 5 g
S |2 |85|83 |85 |23 |5%§
= |§ |=2 =% |ge g7 5%
Test Case 1
Passive Reflexive (Tederagi) 1| 091 0.91 1 1 0.66 0.92
Transitive/ Causative (Adragi) 1 1 1 1 1 1 1
Repeated Transitive/ Causative
(Aderaragi) 1 1 1 1 1 1 1
Transitive/ Causative (Asderagi) 096 | 0.95 0.95 0.79 0.96 0.73 0.92
Jussive Passive (Yihuntawi) 1| 0.93 0.93 - 1 0 0.93
Negative action
Al-, Suffix = Combined 1| 098] 098 1 1| 074 0.98
Ale-, Suffix = Combined 099| 096| 096| 067 099| 0.25 0.96
Prepositions
Be-, Suffix = Combined 096| 091| 091 089 096| 0.77 0.9
Ende-, Suffix = Combined 091| 096 0.96 05| 091 o071 0.88
Endemi-, Suffix = Combined 0.98 1 1 0 0.98 } 0.98
Ye-, Suffix = Combined 1 0.9 0.9 1 1 0.6 0.92
Yemi-, Suffix = Combined 099| 097| 097| 08| 099| 073 0.96
Randomly selected 1 1 1 1 1 1 1
Nouns (Primary & Derived) 0.97 | 0.96 0.96 0.74 0.97 0.7 0.94
Test Case 2 1 1 1 - 1 - 1
0.99 | 0.96 0.96 0.89 0.99 0.7 0.95

Accordingly, the results show that the system has equivalent capability of flagging valid and

invalid for nouns and different groups of verbs. The system flags 95.7% of the given valid

words as valid. The challenges with the rest arises because Amharic has unique derivational

rules that are exceptions to those we usually use (Section 5.6).

The system flags 89%o of the invalid words as invalid. From the given test cases, it flags 11%

of the invalid words as valid. This occurs because the system tends to follow a certain rule

partly and assumes that the given word is valid (Section 5.6).




The system shows an average precision and recall of 96% and 99% respectively. Table 5.7
shows evaluation results of the experiment. From the figures shown on the table, Predictive
Accuracy of 95% shows that the system has highest possibility of handling any candidate word
accurately, whether the word is valid or invalid. 99% Recall shows that the system has the
highest completeness to label correctly spelled words as valid. Lexical and Error Recall values
of 96% and 89% designate the inclusiveness of the lexicon of the system [39]. It also shows

the efficacy of morphological analysis performed by the spell checker [39].

Precision 96%
Recall 99%
Lexical Recall 96%
Error Recall 89%
Lexical Precision 99%
Error Precision 70%
Predictive Accuracy 95%

Table 5.7 Evaluation results

A precision of 96% shows the exactness of the system i.e. the percentage of valid words from
the words that are labeled as valid and the percentage of invalid words from the words that are
labeled as invalid. In other words, it shows the system has a high capability to label only correct
words as valid and only incorrect words as invalid [39]. Lexical and Error Precision values of
99% and 70% designate the ability of the spell checker to flag all invalid words [39].

The confusion matrix shown on Table 5.8 shows the following results:

True Positives (TP) = 1485 (number of correctly spelled words that were correctly identified as valid)
True Negatives (TN) = 154 (number of misspelled words that were correctly identified as invalid)
False Positives (FP) = 19 (number of misspelled words that were incorrectly identified as valid)

False Negatives (FN) = 66 (number of correctly spelled words that were incorrectly identified as

invalid)



Actual class\Predicted class Predicted Correctly Spelled Words = Predicted Misspelled Words

Actual Correctly Spelled Words 1485 66
Actual Misspelled Words 19 154
1504 220
(Total number of words predicted (Total number of words
as valid) predicted as invalid)

Table 5.8 Results of the experiment in a confusion matrix
The results on Table 5.9 show that the summary of suggestions given by the system for words
correctly flagged as invalid. The table shows for how many words suggestion is provided, how
many were correct and how many were incorrect, for how many words suggestion is not given
at all. The result shows that the system gives the expected suggestion for 70% of the words

correctly flagged as invalid.

Number of invalid words 173
Number of invalid words

154
correctly flagged
Suggestion provided 122
Correct suggestion provided 109
Incorrect suggestion provided 13
Suggestion not provided 32

Table 5.9 Evaluation results for spelling corrector of the system

Some of the causes for the results achieved have been identified.

I.  The system was unable to identify which rules can be applied for which words. i.e. the
system may apply a rule on a stem without knowing if such derivation rule can be
applied to that stem.

ii.  The system makes a mistake in suspecting the position of the error.

Resolutions for the problems identified are discussed on Section 5.6.

5.5 Results and Discussion

The experimental results show value of 96% lexical recall, 89% error recall, 99% lexical
precision, 70% error precision and correct suggestions were provided for 70% of the correctly
flagged invalid words. This shows that the system has a high accuracy in flagging words as

valid/invalid and needs some improvement in suggestion generation.



In an attempt that was made to understand Amharic spelling error patterns, it was found out
that most errors occur in non-words and the majority of the errors are substitution errors.
Interestingly enough, most of the substitution errors happen when one substitutes a character
with another character of the same family. This could be the result of mistyping one of the keys
(mostly the second which represents the vowels) after correctly typing the key that represents

the consonant. This input was quite important for the development of spelling corrector.

The above fact led the researcher to examine the existing distance computing algorithms to
examine if they correctly measure the similarity between two Amharic words. None of the
seven algorithms were found to reflect the closeness of Amharic characters in the same family
as compared to the distance algorithm developed in this research. One of the tested algorithm
is Levenshtein Edit Distance used in [5] for Afaan Oromo typed with Latin. The newly
designed and implemented algorithm in this research considers and implements the fact that
Ambharic characters are grouped as family of seven and each member in this set is given an
order. Similarity between characters is measured in terms of two factors namely family and
order. As far as the researcher knows, a distance computing algorithm with such consideration
never exists. The accuracy of the distance computing algorithm affects the spelling corrector

as it helps to generate closer suggestions.

The result of the second and major experiment on the spelling error detection extends the fact
that morphology-based spelling error detection is a promising approach in achieving a better
accuracy for Amharic as illustrated in [12]. Apart from defining affixes, derivation rules and
stems separately, no attempt was stated to define any relationship to store what is applied to
what in [12]. However, morphology rules in this study are defined in such a way that the
relationship between prepositions, conjunctions, affixes, stem type and derivations are defined
(Table 4.2). For example, adanchge is detected as correctly spelled word as there exists a rule
that defines the pattern Aé (preposition) + anc (derivation of a verb) + hg® (suffix). On the other
hand, Adnashg® is correctly detected as invalid. Even though the removal of the
preposition(aéd) and suffix (h9®) results in the word ane- which is a meaningful Amharic noun,
the word is considered as spelled incorrectly since no rule indicates the usage of the
combination of these preposition and suffix with nouns. This avoids the possibility of

seemingly correctly constructed words with no meaning to be considered spelled correctly.

The format of the rule dictionary is specifically designed to handle Amharic nature. It allows

storing prepositions, enough number of affixes and conjunction while maintaining their



relationship between each other and stem types unlike adopting the Hunspell dictionary and

affix file format as in [5]. This reflects Amharic morphology in a better manner.

Testing the spelling corrector also reveals that morphology-based technique combined with a
distance computation algorithm tailored to Amharic is a promising approach towards solving
the problem. Correct or expected suggestions were generated for more than half of the invalid
words. The main cause of wrong suggestions was identified as picking the incorrect rule or
applying to an incorrect verb type. This implies that rule definitions should further be expanded
to make them more specific. One example of making rules more specific is considering the
classes of verbs to relate them to the derivations and other speech parts instead of generalizing

them to all verbs.

The overall experiment suggests that Amharic spelling errors can be detected and corrected as
long as the morphology of the language is completely identified and clearly defined. It was
also observed that effective algorithms need to be adopted or developed to be able to make the

system more efficient.

The researcher observed that there are exceptions for the considered rules in this study. Those
were evidently one source of error. No technique was implemented to handle the exceptions in

this research.

Another limitation of this study is that rules defined for verbs are too broad. Amharic verbs’
derivations are complex in nature. Such generalization results in erroneous result both in terms
of detection and correction. Rules could be more specific and can be defined for specific classes

of verbs.

The researcher also observed that when the number of rules is increasing, the system finds it
difficult to pick the probable appropriate rules to reverse a word. This is because of a lot of
ambiguities and similarities between the rules. This is open for improvement. Effort can be
made to (1) make the rule definition more precise, (2) create a systematic way of reducing the

number of rules or (3) improving the rule picker algorithm.



5.6 Challenges and Limitations

One of the challenges of the system is exceptions to the trends in Amharic derivations as
mentioned in Section 5.4. The challenges to flag some of the valid words as invalid arises
because Amharic has unique derivational rules that are exceptions to those we usually use. For
example, to inflect the verb had to show the subject ‘I’ as the doer of the action, we change the
orders of the last two characters to get hiie.. Most words follow the same rule of changing the
order of their last or two last characters. But, there is an exception for verbs ending in m, £, 1
and A. For example, applying the same derivation to the verbs ‘im’, ‘28’, ‘Aaor’, “GAA° results
in ‘fepr’, ‘28, ‘A9°%°, ‘A% respectively. As can be seen, these words tend to change their
last character to a different character in addition to the order. These and other exceptions in the
language are the causes of the detection mistakes caused by the system. This can be resolved
by adding such exceptions specifically to rule definitions and adding a component that scans
given words for such exceptions. Another cause for flagging valid words as invalid occurs
when the system could not find the resulting stem inside the dictionary of words, yet the word
is a valid word. This can be resolved when the stored stem words are complete.

The other challenge is partly applying rules to words. The cause of this is due to the way rules
are defined for the system. The system tends to follow a certain rule partly and if the given
word fulfills the derivation and prefix/suffix given by the rule partly, it flags it as valid. For
example, there is a rule that changes a noun to its plural form by changing the order of the last
character of the noun to seventh order and adding the suffix ‘. Accordingly, when the word
vHN is given to system, it only applies the first action (i.e. changing the order of the last
character) and assumes that the word is valid. This can be solved by modifying the way

Prefix/Suffix checker component works.

The third challenge is in generating suggestions. This can be resolved by including the word
category to rule definitions. A second solution is improving the way a rule weight is calculated
for each rule, so that the system would know which rules to focus on when generating

suggestions.



CHAPTER SIX
CONCLUSION AND RECOMMENDATION

6.1 Overview

This chapter presents the conclusion and recommendation acquired from the evaluation results.
Section 6.2 discusses the findings and the conclusion determined from the research findings.
Section 6.3 discusses recommendations for future researchers who are interested to precede in

the same or related research area.

6.2 Conclusion

Spell checker is an application that can be integrated with word processing applications, detects
spelling errors and gives closer suggestions to invalid words with errors. In this research, an
attempt was made to apply morphology-based approach for the implementation of Amharic
spell checker. The system uses manually defined rules and was tested on words selected from

a corpus collected from the web, books and newspapers.

The Amharic spell checker was implemented using python programming language. The system
uses manually defined rules along with sets of stored stem words and Amharic characters
organized in tabular format (Appendix 4). To predict the validity of a word, it divides the word
into n-grams and finds matching preposition, prefix, suffix and conjunctions that match the

defined rules. It also matches the derivation pattern of the stem word.

The system was evaluated by comparing the results found with manually annotated test cases.
The performance of the system was evaluated with three common measures called precision
(lexical and error precision), recall (lexical and error recall) and Predictive Accuracy. The
performance shows 96% precision, 99% recall, 96% lexical recall, 89% error recall, 99%
lexical precision, 70% error precision and 95% predictive accuracy. Out of the words correctly

flagged as invalid, correct suggestions were given for 70% of them.
Based on the results of the study, the following conclusions are made:

= From the evaluation results found from the experiment, it was shown that morphology-

based approach is capable of detecting and correcting errors. A predictive accuracy of



95% shows that the system is able to detect and correct spelling errors as long as it finds
the correct rule definitions and the corresponding stem word inside the dictionary.

The experimental results also show that the system is able to cover detection and
correction of complex derivation of verbs, which is the most complex morphology in
Ambharic [12]. It is capable of analyzing words with multiple prefixes and suffixes plus
prepositions and conjunctions. The system is also tested on derived nouns and it was
able to analyze and spell check those as well. This implies that it is able to spell check
most of the complex words in Amharic. A system capable of handling complex words
would handle simple derivations on other parts of speech (adjectives, adverbs) and
compound-nouns. From this, the researcher concluded that the system is able to spell
check majority of words in the language.

The experiment made from test cases prepared from diverse classes of verb and noun
derivations shows that the system is able to handle broad and complex categories of
words in the language. The spell checking approaches discussed in section 2.1.3 have
a problem of handling the complex morphology of Amharic. On the other hand,
morphology-based approach in combination with the proposed algorithm and the
distance calculator discussed in Chapter 4 is able to breakdown the complex
morphology of words and reverse them to their stem form. Once, the stem is extracted,
what is remaining is searching the extracted stem inside the stored dictionary of words.
In addition, to avoid the problem of reduced performance in morphology-based spell
checkers, several methods are proposed. One is a system to filter rules by n-grams
located at the beginning and end of the candidate word is proposed, hence makes the
system efficient. Moreover, rules are filtered by the part of speech they belong to and
the number of characters in the stem. This improves the efficiency of the dictionary
searcher component to search words with the specified POS and number of characters.
For example, if the POS given for a rule is ‘verb’ and if the number of characters is 3,
then the system will search for three letter verbs inside the dictionary once the stem

extraction is completed.

Besides the distance calculator proposed plays a great role in making the system more
accurate. It does so by showing the closure of words which contain characters which
are in the same family and in the same order. For instance, if a person mistakenly writes
aae for ang, Levenshtein edit distance would only tell that one character should be

substituted by another to give the intended word. However, the distance calculator



would show that the distance between the words is even closer, because it can recognize
that the characters a and 0 are in the same family. The spell checker would predict that
the error is caused by replacing a character with another one from the same family
(which is a common error pattern in Amharic as taken from the analysis made on
common spelling error patterns) and corrects the error and generates suggestion
accordingly. The distance calculator also makes the suggestion ranker more efficient
by computing the accurate distance between the candidate word and generated

suggestions.

Furthermore, the rule filter can work on multiple n-grams to filter most probable rules
at the same time. It receives unigrams, bigrams and trigrams from the n-gram splitter
and finds rules with the corresponding affixes. When it does that, it works by searching
for rules which contain affixes from all sets of n-grams. For instance, if the word Afaav-
is given, the rule filter searches for a rule with prefix ¢ and suffix v- and finds the most
likely rule. This also avoids the performance problem that arises in analyzing the affixes

of a word.

In conclusion, morphology-based approach integrated with the proposed architecture
and algorithms is more suitable for Amharic spelling error detection and correction.
Applying the recommendations on Section 6.3 would make the approach even more

suitable.

In conclusion, the study shows that using morphology-based approach for detection and
correction of Amharic spelling errors can work very well. More improvements are needed on

the implementation of morphology-based approach for correction of invalid words.

6.3 Recommendation

This study can be improved in future works. The following are recommended for future studies:

1. The most complex and common morphology is that of verbs and priority is given to define
rules for common and complex noun and verb derivations. Due to time constraint, the
remaining morphology patterns for other POS are not defined. Therefore, improving the
definition of rules to include the possibly uncovered morphology of Amharic is one of the

works that needs to be considered in future studies.



Designing a technique to define morphology based on Amharic verb classes as verbs
exhibit the most complex derivations in Amharic. This will highly improve the
performance of the spellchecker.

Relationship between morphology and verbs should also be defined by further considering
the nature of verbs. For example, fooch- is a derivation of 2evZ. On the other hand, the
word Lach- from LnZ is either uncommon or meaningless and should especially be
excluded from suggestion list. £av¢ and L0¢ are verbs from the same category given their
number of consonants and their order. For future works, it is recommended to closely
study Amharic verbs to determine and understand such discrepancy when defining
morphology of the language.

Identifying and handling exceptions that deviate from the defined morphology rules can
be also be a future work. Incorporating such exception would greatly enhance the
performance of the spellchecker.

A future research could be made to determine the possibility of partially storing common
derivations along with the root words in the dictionary to reduce the number of rules and
improve the accuracy and performance of the spell checker. The effect of storing a certain
part of the derived words in the dictionary in an attempt to reduce the number of rules and
as a result to improve the performance of the spell checker could be studied.

Due to time constraint, the researcher was not able to include additional functionalities of
a spell checker and integrate the prototype with word processing applications. In future
works, the spell checker should be able to let the user store new words inside a dictionary,
ignore some kinds of words and words written incorrectly on purpose and automatically
correct misspellings. It should also be integrated with word processing application.

. This study mainly focuses on non-word errors. It can be expanded to include detection and
correction of real-word errors by applying context checking.

. The research can be expanded to Amharic-English translation systems. The architecture
and design in this research can be applied to design Amharic-English translation systems.
Derived words which have the same morphological pattern would follow the same
translation pattern. This can be applied to word and sentence translation. For instance, the
derived noun n&PF shows the plural form of & and it means ‘oxen’. Similarly, mZ&HP T
can be translated as ‘tables’ by copying the translation pattern from the previous word.
The same holds true for sentence translation. For example, ‘A20Av- 1@-::* can be translated

to English as ‘I am eating’. Similarly, a sentence which contains the same morphological



10.

rule like ‘APA7u- 1@-::° can be translated by the system as ‘I am listening’. Further studies
can be carried on to investigate the capability of application of morphology in Amharic-
English translations.

To avoid the drawbacks of morphology-based approach, future researchers can consider
applying other approaches in combination with morphology-based approach. To the best
of the researcher’s knowledge, there are no research works that use morphology-based
approach in hybrid with other approaches for detection of spelling errors. In chapter 2, a
work that attempts to use a hybrid approach is reviewed [16]. However, this work makes
use of metaphone algorithm for detection and edit distance for correction of misspelled
words, not morphology-based approach.

Ambharic is by nature morphologically complex. In this study, the researcher was not able
to find a linguistic expert that can assist in understanding the morphology of the language
and defining rules. However, it is advisable to involve linguistic experts in the study,

especially when building a final product that can be usable by end users.



REFERENCES

[1]

[2]

[3]
[4]

[5]

[6]
[7]
[8]

[9]

[10]

[11]

[12]

"Communication | Definition of Communication by Oxford Dictionary on Lexico.com
also meaning of Communication”, Lexico Dictionaries | English, 2020. [Online].
Available: https://www.lexico.com/en/definition/communication. [Accessed: 17- Sep-
2020].

M. Kore and V. Goyal, "Machine Transliteration for English to Amharic Proper Nouns",
International Journal of Computer Science Trends and Technology (IJCST), vol. 5, no.
4, pp. 23-31, 2017.

“Language.” [Online]. Available: ethiopiantreatures.co.uk/pages/language.htm.

"Ambharic", En.wikipedia.org, 2020. [Online]. Available:
https://en.wikipedia.org/wiki/Amharic. [Accessed: 04- Jan- 2018].

G. Olani and D. Midekso, "Design And Implementation Of Morphology Based Spell
Checker", International Journal of Scientific & Technology, vol. 3, no. 12, pp. 118-125,
2014.

Al-Jefri et al., “Arabic Spell Checking Technique.” May 2015.
H. Liang Lorraine, “Spell Checkers and Correctors - A Unified Treatment.” Nov. 2008.

M. Abate and Y. Assabie, "Development of Amharic Morphological Analyzer Using
Memory-Based Learning", Springer International Publishing Switzerland, pp. 1-13,
2014.

M. Yifiru, " Morphology-Based Language Modeling for Amharic", Springer
International Publishing Switzerland, Aug. 2010.

R. Kaur and J. Singh, "Spelling Error Detection and Correction System for Punjabi
Unicode using Hybrid Approach”, International Journal of Innovative Research in

Computer and Communication Engineering, vol. 5, no. 9, pp. 15002 — 15007, 2017.

N. Gupta and P. Mathur, "Spell Checking Techniques in NLP: A Survey", International
Journal of Advanced Research in Computer Science and Software Engineering, vol. 2,
no. 12, pp. 217-221, 2012.

M. Tesfaye, "Application of morphological information for Amharic spelling error
detection.”, Feb. 2019



[13] A. Mekonnen, “Development of an Amharic Spelling Corrector for Tolerant-Retrieval.”

2012. [Online]. Available: https://dl.acm.org/doi/abs/10.1145/2457276.2457281.

[14] F. B. Tafesse, “Morphology Based Spell Checker for Kafi Noonoo Language.” Oct.
2018. [Online]. Available: http://etd.aau.edu.et/handle/123456789/19584.

[15] D. Jurafsky and J. H. Martin, " Spelling Correction and the Noisy Channel™, 2016.
[Online]. Available: https://web.stanford.edu/~jurafsky/slp3/B.pdf.

[16] G. Assefa, "Automatic Amharic spelling error detection and correction using hybrid
approach”, Journal of Emerging Technologies and Innovative Research (JETIR), vol. 5,
no. 6, pp. 605 - 611, 2018.

[17] 4775 aon0 AT, K90 A0QO: PAFCXE RIRPT PTG PPCIPC T10hAT A4.A AN SLOCA:
a3+a1.e (F, 2009.

[18] W. B. Demilie, “Multilingual Spelling Checker for Selected Ethiopian Languages,” Int.
J. Adv. Sci. Technol., vol. 29, no. 7, p. 8, 2020.

[19] A. Mekonnen, A. Nirnberger and B.Ephrem, "Portable Spelling Corrector for a Less-
Resourced Language: Amharic”, International Journal of Computer Science Trends and
Technology (IJCST), 4127-4132, 2018.

[20] M. Tilahun, “Automatic spelling checker for Amharic language.” May 2020. [Online].
Available: http://hdl.handle.net/123456789/10846

[21] M. Gebreegziabher and L. Besacier, "Preliminary Experiments on English-Amharic
Statistical Machine Translation™, SLTU, 36-41, 2012.

[22] W. Mulugeta and M. Gasser, “Learning Morphological Rules for Amharic Verbs Using
Inductive Logic Programming”, Workshop on Language Technology for Normalisation
of Less-Resourced Languages (SALTMIL8/AfLaT2012), pp. 7-12, 2012.

[23] F. Tariku, A77C5 v Ao ZA Publishers, 2009.
[24] B. Yimam, £4“7c5 i@, 2nd ed. Eleni PLC, 2008.

[25] B. Yimam, “Root Reductions and Extensions in Amharic,” Ethiop. J. Lang. Lit., pp. 56—
88, 1999.



[26] A. M. Gezmu, B. E. Seyoum, M. Gasser, and A. Niirnberger, “Contemporary Amharic
Corpus: Automatically Morpho-Syntactically Tagged Amharic Corpus,” Proceedings of
the First Workshop on Linguistic Resources for Natural Language Processing, pp. 65—
70, Aug. 2018.

[27] M. Bender Lionel, “The Origin of Amharic.” pp. 41 -52.

[28] S. Yimam Mubhie, "A Brief Analysis of Amharic NLP: From POS Tagging to Question
Answering". Sep. 06, 2016.

[29] A. Aklilu, Amharic English Dictionary, 2nd ed. Kuraz Publishing Agency, 1987

[30] B.Hamza, Y. Abdellah, G. Hicham, and B. Mostafa, “For an Independent Spell-
Checking System from the Arabic Language Vocabulary,” Int. J. Adv. Comput. Sci.
Appl., vol. 5, no. 1, 2014, doi: 10.14569/1JACSA.2014.050115.

[31] M. Gasser, “HornMorpho: a system for morphological processing of Amharic, Oromo,
and Tigrinya.” Conference on Human Language Technology for Development,
Alexandria, Egypt, pp. 94 - 99, May 2011.

[32] K. Peffers, T. Tuunanen, M. Rothenberger A., and S. Chatterjee, “A Design Science
Research Methodology for Information Systems Research.” Journal of Management

Information Systems, vol. 24, no. 3, pp. 45-78, 2007.

[33] B. Gebremichael, “Wordlist and Spell checking for Amharic and Tigrigna.” [Online].
Available: http://www.cs.ru.nl/~biniam/geez/crawl.php.

[34] “A General Approach to Preprocessing Text Data,”
https://www.kdnuggets.com/2017/12/general-approach-preprocessing-text-
data.html&hl=en-ET. Jan. 12, 2020.

[35] “Sampling.” [Online]. Available: http://www.stat.yale.edu/Courses/1997-
98/101/sample.htm.

[36] “Simple random sampling.” [Online]. Available: http://dissertation.laerd.com/simple-

random-sampling.php.

[37] “How to choose a sample size (for the statistically challenged).” [Online]. Available:
http://lwww.tools4dev.org/resources/how-to-choose-a-sample-size/.

[38] M. Beyene, “Data Analytics,” 2018.



[39] G. B. van Huyssteen, R. Eiselen, and M. Puttkammer, “Evaluating Evaluation Metrics
for Spelling Checker Evaluations.” [Online]. Available:
http://lwww.puk.ac.za/opencms/export/PUK/html/fakulteite/lettere/ctext/Article.RES.Va
nHuyssteenxEiselenxPuttkammer2004.9.9.9.GBVH.2008-09-13.FinalxSmallx.pdf.

[40] J. E. Pentheroudakis, D. G. Bradlee and S. S. Knoll, “Tokenizer for a Natural Language
Processing System.”, Aug. 15, 2006.

[41] “n-gram.” [Online]. Available: https://en.wikipedia.org/wiki/N-gram.



APPENDICES

Appendix 1 — Sample Rule Definitions

RuleName | Pre | P4 | P3 | P2 | P1 | Stem Derivation | S1 | S2 | S3 | S4 S5 | Conj mrubr{
Rulel 1 | ¢ @ | A1B4 A6B4 * 7 | Verb
Rulel 2 | ¢ @ | A1B4 A6B4 & 3 |9 Verb
Rule1.3 | ¢ @ | A1B4 A6B4 P 7 |9 Verb
Rule1.4 | ¢ a | A1B4 A6B4 v 7 | Verb
Rule1.5 | ¢ a | A1B4 A6B4 (i 7 | Verb
Rulel_6 ? av A1B4 A6B4 Ex v | 9o Verb
Rule1.7 | ¢ w | A1B4 A6B4 o+ 7 | e Verb
Rule1.8 | ¢ @ | A1B4 A6B4 & 7 |9 Verb
Rulel1 9 | ¢ o | A1B4 A6B4 o |7 | Verb
Rule1_10 | ¢ av A1B1C1 | A1B1C6 NULL TP Verb
Rulel 11 | ¢ av A1B1C1 | A1BIC5 NULL |7 |9 Verb
Rulel_12 | ¢ @ | A1BIC1 | A1B1C4 Ty 7 | Verb
Rule1_13 | ¢ av A1B1C1 | A1BIC6 v 7| Verb
Rule1_14 | ¢ av A1B1C1 | A1B1C6 [ 7| Verb
Rule1_15 | ¢ o | AIBIC1 | A1B1C4 To- 7 | Verb
Rulel_16 | ¢ @ | AIBIC1 | A1B1C2 NULL |7 | o Verb
Rulel 17 | ¢ a | A1BIC1 | A1B1CS NULL |7 | Verb
Rule1_18 | ¢ o | AIBIC1 | A1B1C4 Fa- 7 | ® Verb
Rule1_19 | ¢ A | | AIBIC1 | A1BIC6 G Verb
Rulel 20 | ¢ a | | AIBIC1 | A1BIC2 ¢ Verb
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Appendix 2 —
Sample Stem Words

Categorized by type TRI-RADICALS VERBS QUADRI-RADICALS
VERBS
BT THREE_1
BI-RADICALS VERBS %% | THREE_1 1eke. | FOUR1
14.1 THREE_1 ILPY FOUR_1
14 TWO_1 MAd. THREE_1 anasd FOUR_1
16 TWO_1 nac THREE_1 1924. FOUR_2
P TWO_1 wed THREE_2 Aavg, FOUR_2
Zh TWO_1 e, THREE_2 104.¢. FOUR_3
hh TWO_2 enav THREE_2 #1120 FOUR_3
$0 TWO 2 PP THREE_2 94,008, FOUR_3
ah TWO_2 anE THREE_3 $L4.L FOUR_3
ao(y TWO 3 aven, THREE_3 t+de. FOUR_3
e TWO_3 09 THREE_3 HOHN FOUR_4
P TWO_3 160 THREE_3 14.14. FOUR_4
460 TWO_3 24.Mm THREE_4 hhPend | FOUR_4
Al TWO_4 458 THREE_4 DADN FOUR_5
Al TWO_4 Kav . THREE_4 wADA FOUR_5
g TWO_4 AL THREE_4 Pee$ | FOUR_6
EN TWO 5 A0 THREE_4 er9%n. | FOUR_6
by TWO_5 ang, THREE_5 SAPA FOUR_6
P TWO_5 Javgp THREE_5 PP FOUR_6
Pm TWO_6 1240 THREE_6 SO0 FOUR_6
Am TWO_6 20m THREE_6 av/pH FOUR_7
o TWO_8 $0A THREE_6 enarfl | FOUR_7
[0 TWO_8 S THREE_7 NAmm FOUR_7
o TWO_8 SHL THREE_7 ™A1 FOUR_8
cm TWO_8 een, | THREE_7 $(avav FOUR_8
he- TWO_9 24.9 THREE_8 vreomm | FOUR_8
14 TWO_9 824 THREE_8 PPN FOUR_9
$6h), TWO_10 900 THREE_9 F¢iFap FOUR_9
a TWO_10 $20 THREE_9 1418 FOUR_9
o TWO_11 hehoe | FOUR_9
Fe. TWO_11 héha FOUR_9
Fh TWO_11 242 | FOUR_10
eA TWO_11 14760 FOUR_10
6hul TWO_11 108 FOUR_10
an TWO_12 héhao FOUR_10
pA4 TWO_13 4004, FOUR_11
MmN TWO_13 anse FOUR_11
2180 FOUR_12
fizem | FOUR_12
ficdm FOUR_12




NOUNS ADJECTIVES ADVERBS

AhGr L7, 04 Lm-
oahgee ANLAI° arh
FAAFQ P AdPA
>Th Ay, K780k
a5 R [ AT
4Aah T ATLE
aop\TYg, AT A1)
¢ P43 nwe
Allav<l§ A% A, MaY,
AL PHG ("
NCY7? VA L0k
HoIP T8 O+Aagee.
AIPATY, AN 1H
oot AQNE h7R%
z9oNC 070 A794.00
0N 4. narx
ALnnge, APPANT hH
UPA hg° ¢ W1%.U-9°
ha e AThe APl
Arhe AR (P
0AF¢h KOG
aver@:F aemy

4.0
LPr

AP
o-Jq

|V
&%
g 0708

v
Y07y
00 £e16
D2 HAT -
e P,
AT B

TCAO
+ot &7t
4TNAN ANAN
177 AhgJgv
At N
R 09,
.59 mran
se AL
&CYT ang
av -/ 044
NG 430
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Appendix 3 — Test Case 1 Sample Words

Words Classification Derivation Category
HACFATA correct T840
+ACFAT correct T840
+acPaTFo- correct T840
+ACFNFA correct T840,
+acrFo- correct TR
TACTA correct .41,
NG g incorrect TR
TOPRTFO incorrect T84,
AQZHaP@- correct ANLL
WA correct ANLE.
ANCHT correct ANLe,
AONCHTA incorrect ANLE
ANCLAPA incorrect ANLE
ANt incorrect ANLL,
A0S correct ANLL
ANCST correct ANLL
ANCST correct ANLL
Jana i correct U153
L0140 correct U1
2aAT I incorrect euv13 e
LEAIMN correct U153
LLLB incorrect eI P
£4.CTIN correct U1
LLLAN correct U1
LaLANNFPA correct U1
LALNATFPA correct LU 13T
LTICAFPA correct U1
LNNCATFPA correct U1
LMOPAT correct U1
LERLIPCAT correct U1
An0an correct hL4E.
Anaan- correct hL4E.
AONNAY correct hL4E.
AONOOF@- correct XA
ANQAOTFU- correct K844,
AOQANU- incorrect hLld,
A0QAN7T correct hLLE.
ANNANTS correct hL4C.
AOnahe correct hLLE.
AQATIPA correct ALC,
ANATID- correct ALC
ANATHFAY correct ALC
ANATSAT correct ALC
AONATSA incorrect Yy
AOALT correct AL,
ANALPA correct AL,
AOALPIA correct AL,
AOALD- correct AL,
AQNLD-NGA correct WL,




Appendix 4 — Test Case 2 Sample Unique Words

o JdJoy U wWwNEFE o2
o

ACRENCRE\CRE\CRENCRN RN CRE RN O RN O RN e e R e e e il R N Ne]
O 0 J o) U WNEFEP O WOWwWJoy Ul whN kPP o

59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80

Classification
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct

correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct
correct

Words
YA
é.md.

6RLATID~7J°
6LOTT7
6RLATIIP

TP

mé.C7
mé.C
mé-m-

21

2héh

eanan
LU-7
PO79P
PAD-

LANTT
£
(U
LAMANCI°

N7

0 (-g°

291.84.¢-

LULAT
He7
HC7
H4-9®

Hé
-5

>
D7k

@35
no-»
A7
(B
(B
ngeeco®
(eoPans @
nag
7
A
&6
71279
018
e
WES
oY
goe-Cgo
goLeC
SN
ahpAg®
avhipd\
avnTYF 790
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Appendix 5 — Amharic Characters Set
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Appendix 6 — Sample derivations of the root verb &-g°-7% (I-m-n)

ANTGT D Aaoyy ATAIPTY
A0S AaoFY AN/ AU
LAGTFD- Aaory VAT Y]
FATOGF - ATAIPGAY LAITIA
LAGTFD- TATPGAY TATI AT
+AaPTY TAIOGAT LATUFIA
+APEY TAIPGTATFU- AAIPTAAY-
Nl 5 LAIPGTA ASOATGT AT
+ATDYY FAPGAT F0AI°SFAY
+ATDLY LAIG FONTTLE AT
TGO A9% FOATeSFATfu-
+havim- AT PAAIOG A
+AP LD AT°1Y FOAIPG FAT
+ATD AT PAAIPG T
avp\avy AF°GFU- ANATPGFPAU-
AT T APS AGNAIOSTFPAY
ATy A9oG FOAIGTTFPAY
Aav7h AP FOANTTLOFPAT
Il AT FOAPFPATV-
AaoGFy- AAT°TT PONTPGTFPA
Aavy ATAIPTY FOAPTFPAT
AavorF AT POATPGTFPA
Ao’ ATATOTY

AaP7Y ATATVLY

Aav7 ATAIVrY

AaoG Ty AAT°T7




Appendix 7 — Misspelled words identified in common error patterns
analysis in Amharic

Misspelled . Location of Smg!e/ Classification
word Type of error | Family of error error Multiple of error
Error
N+Cr Substitution Same family Middle Single Non-word
ATI@-T) Deletion Last Single Non-word
Substitution,
hE TAU- Split word Same family Middle Single Non-word
av ZchégT @~ split word Single Real-word
oL, +4.N1D- split word Single Real-word
NAAC&TPVE | Run-on Single Real-word
LOBRTAG Substitution Same family Middle Single Non-word
ATY15 @-g° Substitution Same family Middle Single Non-word
hIADF Substitution Same family Middle Single Non-word
+ahche- Substitution Same family Middle Single Non-word
+HFOF Substitution Same family Middle Single Non-word
29 3 O0OF Deletion Last Single Non-word
NAAT(HNS Run-on Single Real-word
eav-tEPO Substitution Same family Middle Single Non-word
TIeP Deletion Middle Single Non-word
WILaPI%C Run-on Single Real-word
0ALY Substitution Same family First Single Non-word
AL Substitution Same family Last Single Non-word
méa Substitution Same family Last Single Non-word
L1576 Substitution | Same family Middle Single Non-word
ADMT,OF Substitution Same family Middle Single Non-word
0L Insertion Last Single Non-word
hcot.eq Deletion Last Single Non-word
0700 eh7An Context Single Real-word
eMe@-pAF@- | Substitution Same family Middle Single Non-word
nae Substitution Same family Last Single Non-word
avav(\nC Substitution Same family Middle Single Non-word
W78 Substitution Same family Last Single Non-word
RILCOP Substitution Same family Middle Single Non-word
SPo- Substitution Same family Middle Single Non-word
hAP T+ Substitution Same family Middle Single Non-word
Substitution,

vePqy Insertion Same family Middle, last Multiple Non-word
NARPTS Substitution Same family Middle Single Non-word
90 AN split word Single Real-word
(G A (O Substitution Same family Middle Single Non-word
W1LLeT1P0 Substitution Same family Middle Single Non-word
avR P F T Deletion Middle Single Non-word
LG b A [0 Substitution Same family Middle Single Non-word
W1t Substitution Same family First Single Non-word




eaA T Substitution Same family Middle Single Non-word
h& htC split word Single Real-word
AeNG Substitution Same family Middle Single Non-word
4.0 Substitution Same family First Single Non-word
av-P@-F Substitution Same family Middle Single Non-word
AGPHM M Deletion Last Single Non-word
heLlh Substitution Same family Last Single Non-word
av @ goLaq P Substitution Same family Last Single Non-word
AU Substitution Same family Middle Single Non-word
nJotq Substitution | Same family Middle Single Non-word
K9 1P T | Substitution Different family | Middle Single Non-word
nJotq Substitution | Same family Middle Single Non-word
T 4.8Ka°PDY Deletion First Single Non-word
W1LAD- Substitution Same family Middle Single Non-word
G Fm- Substitution Same family Middle Single Non-word
nncv Substitution Same family Middle Single Non-word
+7PrPmatd | Substitution Same family Middle Single Non-word
mzt: Substitution Same family First Single Non-word
PULLAL TN Substitution Same family Middle Single Non-word
No17% Substitution Same family Middle Single Non-word
Af190 Substitution Same family Last Single Non-word
ACON Insertion Same char Last Single Non-word
PATY context Single Real-word
ALP00 Insertion Same char Middle Single Non-word
A4\ Insertion Different family Middle Single Non-word
ATIO-M Deletion Last Single Non-word
0783 H Deletion Last Single Non-word
A8 TeAP Run-on Single Real-word
297.4.8a0 Deletion Last Single Non-word
T aa0-+ Deletion First Single Non-word
Substitution, different,
AdNra Insertion Same family | Single Non-word
V4 Substitution Same family Middle Single Non-word
ATI@-T) Deletion Last Single Non-word
ade Substitution Same family Middle Single Non-word
nghsm- Substitution Same family midde Multiple Non-word
AON719167 Insertion Same char Middle Multiple Non-word




Appendix 8 — Sample code used by the Rule Filter component

1. def findcommonrules(word):

2. spelling = ""

3. conjrules = ""

4. suffixrules = ""

5. preprules = ""

6. prefixrules = ""

7. conjrulesl = []

8. suffixrulesl = []

9. preprulesl = []

10. prefixrulesl = []

11. conjrules2 = []

12. suffixrules2 = []

13. preprules2 = []

14. prefixrules2 = []

15. conjrules3 = []

16. suffixrules3 = []

17. preprules3 = []

18. prefixrules3 = []

19.

20. allrules = []

21. preceed=""

22. errorpositions = []

23. nextngram = "false"

24. ruleweight = ©

25. conjweight = []

26. suffixweight = []

27. prepweight = []

28. sufweight = []

29. prefixweight = []

30.

31. if (searchindictionary(word, "RootDictl.csv")=="true"):
e spelling = "correct”

33. else:

34. w = word

35. n=1

36. ngramslistl = divideintongrams(word, n)

37. print "Unigrams"

38. print "========="

39. print ngramslistil

40. conjrulesl = searchConj(ngramslisti[len(ngramslist1)-1], "Rulesl.csv")
41. suffixrulesl = searchSuffix(ngramslistil[len(ngramslist1)-1], "Rulesl.csv")
42. preprulesl = searchPrep(ngramslist1[@], "Rulesl.csv")
43. prefixrulesl = searchPrefix(ngramslist1[@], "Rulesl.csv")
44,

45. for cr in conjrulesl:

46. allrules.append(cr)

47. allrules.append(ngramslisti[len(ngramslistl)-1])
48. allrules.append(®)

49, allrules.append('C")

50.

51. for pr in preprulesl:

52. allrules.append(pr)

53. allrules.append(ngramslisti1[0@])

54. allrules.append(9)

55, allrules.append('P")

56.

57. for k in range(len(suffixrulesl)/2):

58. allrules.append(suffixrulesi[(k*2)])

59. allrules.append(ngramslisti[len(ngramslistl)-1])
60. allrules.append(int(suffixrulesi[(k*2)+1]) + 7)
61. allrules.append('S")

62.

63. for m in range(len(prefixrulesl)/2):

111



64.
65.
66.
67.
68.
69.
70.
71.
72.
73.
74.
75.
76.
77.
78.
79.
80.
81.
82.
83.
84.
85.
86.
87.
88.
89.
90.
91.
92.
93.
94.
95.
96.
97.
98.
99.

100.
lo1.
102.
103.
104.
105.
106.
107.
108.
109.
110.
111.
112.
113.
114.
115.
116.
117.
118.
119.
120.
121.
122.
123.
124.
125.
126.
127.
128.

allrules.append(prefixrulesl[(m*2)])
allrules.append(ngramslisti[@])
allrules.append(int(prefixrulesl[(m*2)+1]))
allrules.append('R")

print "conjrulesl”
print conjrulesl
print "suffixrules1"
print suffixrulesl
print "preprulesl”
print preprulesi
print "prefixrulesi”
print prefixrulesi

n=2

ngramslist2 = divideintongrams(word, n)

print "Bigrams"

print "========="

print ngramslist2

conjrules2 = searchConj(ngramslist2[len(ngramslist2)-1], "Rulesl.csv")
suffixrules2 = searchSuffix(ngramslist2[len(ngramslist2)-1], "Rulesl.csv")
preprules2 = searchPrep(ngramslist2[@], "Rulesl.csv")

prefixrules2 = searchPrefix(ngramslist2[@], "Rulesl.csv")

for cr in conjrules2:
allrules.append(cr)
allrules.append(ngramslist2[len(ngramslist2)-1])
allrules.append(0)
allrules.append('C")

for pr in preprules2:
allrules.append(pr)
allrules.append(ngramslist2[0])
allrules.append(9)
allrules.append('P")

for k in range(len(suffixrules2)/2):
allrules.append(suffixrules2[(k*2)])
allrules.append(ngramslist2[len(ngramslist2)-1])
allrules.append(int(suffixrules2[(k*2)+1]) + 7)
allrules.append('S")

for m in range(len(prefixrules2)/2):
allrules.append(prefixrules2[(m*2)])
allrules.append(ngramslist2[0])
allrules.append(int(prefixrules2[(m*2)+1]))
allrules.append('R")

print "conjrules2"
print conjrules2
print "suffixrules2"
print suffixrules2
print "preprules2"
print preprules2
print "prefixrules2"
print prefixrules2

if len(word.decode('utf-8')) >= 3:
n=3
ngramslist3 = divideintongrams(word, n)
print "Trigrams"
pr"int "—========"
print ngramslist3
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129.

130.

131.
132.
133.
134.
135.
136.
137.
138.
139.
140.
141.
142.
143.
144.
145.
146.
147.
148.
149.
150.
151.
152.
153.
154.
155.
156.
157.
158.
159.
160.
161.
162.
163.
164.
165.
166.
167.
168.
169.
170.
171.
172.
173.

174.

conjrules3 = searchConj(ngramslist3[len(ngramslist3)-
1], "Rulesl.csv"
suffixrules3 = searchSuffix(ngramslist3[len(ngramslist3)-
1], "Rulesl.csv"
preprules3 = searchPrep(ngramslist3[0], "Rulesl.csv")
prefixrules3 = searchPrefix(ngramslist3[@], "Rulesl.csv")

for cr in conjrules3:
allrules.append(cr)
allrules.append(ngramslist3[len(ngramslist3)-1])
allrules.append(0)
allrules.append('C")

for pr in preprules3:
allrules.append(pr)
allrules.append(ngramslist3[0])
allrules.append(0)
allrules.append('P")

for k in range(len(suffixrules3)/2):
allrules.append(suffixrules3[(k*2)])
allrules.append(ngramslist3[len(ngramslist3)-1])
allrules.append(int(suffixrules3[(k*2)+1]) + 7)
allrules.append('S")

for m in range(len(prefixrules3)/2):
allrules.append(prefixrules3[(m*2)])
allrules.append(ngramslist3[0])
allrules.append(int(prefixrules3[(m*2)+1]))
allrules.append('R")

print "conjrules3"
print conjrules3
print "suffixrules3"
print suffixrules3
print "preprules3”
print preprules3
print "prefixrules3"
print prefixrules3

print "All rules"
print allrules

commonrules = checkIfDuplicates(allrules)

conjrulesl, conjrules2, conjrules3, preprulesl, preprules2, preprules3, suf
fixrulesl, suffixrules2, suffixrules3, prefixrulesl, prefixrules2, prefixrules3 = e
xcludeCommonRules(commonrules, conjrulesl, preprulesl, suffixrulesl, prefixrulesl,
conjrules2, preprules2, suffixrules2, prefixrules2, conjrules3, preprules3, suffixr
ules3, prefixrules3)

return commonrules, conjrulesl, conjrules2, conjrules3, preprulesl, preprul
es2, preprules3, suffixrulesl, suffixrules2, suffixrules3, prefixrulesl, prefixrule
s2, prefixrules3
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Appendix 9 — Sample code to reverse derivation pattern to its stem form

1. def reverse_derivation(derivation, ruleid, filechars, filerules):

2o

3. cols=['ha', 'le', 'hmha', 'me', 'sse','re','se','she','qe','be','te', 'che’',"'hha’,
'ne','gne','aa’, 'ke', 'hhe', 'we','oa', 'ze', 'zze', 'ye', 'de’', " 'je', 'ge', "tte’, 'cche', 'p
pe',"'tse', 'otse','fe', 'pe']

4 wordpattern=""

5. word=""

6. wpatternlist = []

7 dpatternlist = []

8. charRepr = ['A','B','C','D","E',"F','G","'H","I"',"3",'K',"'L','M",'N","'0","'P"]

9. numbers = [1, 2, 3, 4, 5, 6, 7, 8]

10. col =0

11. combinedword = ""

12.

13. import csv

14. with open(filerules, 'r') as csvfile:

15. csvreader = csv.reader(csvfile)

16. for r in csvreader:

17. Rules = r[@].rsplit(',")

18. WordPatterns = r[6].rsplit(',")

19. DerPatterns = r[7].rsplit(',")

20. for rule in Rules:

21. for wpat in WordPatterns:

22. if (rule == ruleid):

23. wpattern = wpat

24. for dpat in DerPatterns:

25. if (rule == ruleid):

26. dpattern = dpat

27.

28.

29. wpatterncount = @

30. for j in range(len(wpattern)):

31. if (wpattern[j] in charRepr):

32. wpatterncount += 1

33. wpatternlist.append(wpattern[j])

34. else:

35. wpatterncount += 1

36. wpatternlist.append(wpattern[j])

37.

38. dpatterncount = @

39. for j in range(len(dpattern)):

40. if (dpattern[j] in charRepr):

41. dpatterncount += 1

42. dpatternlist.append(dpattern[j])

43. else:

44, dpatterncount += 1

45, dpatternlist.append(dpattern[j])

46.

47. import pandas

48. df=pandas.read_csv(filechars)

49,

50. if(wpatternlist[@] != '@' and wpatternlist[len(wpatternlist)-2] != 'Z'):

51.

52. for i in range(len(derivation)):

53.

54. generated = dpatternlist[i]

55. der = derivation

56. chr = der[i:i+1]

57.

58. col =0

59. for k in cols:

60. order =1

61. col+=1
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62.
63.
64.
65.
66.
67.
68.
69.
70.
71.
72.
73.
74.
75.
76.
77.
78.
79.
80.
81.
82.
83.
84.
85.
86.
87.

88.
89.
90.
91.
92.
93.
94.
95.
96.
97.
98.
99.

100.
lo1.
102.
103.
104.
105.
106.
107.
108.
109.
110.
111.
112.
113.
114.
115.
116.
117.
118.
119.
120.
121.
122.
123.
124.
125.
126.

t(wcol))):

for

for row in df[k]:

rw = row.decode('utf-8")

if (rw == chr)
ord = orde
generated
generated

k = "none"
row = "t

order +=1

r

generated + str(ord)
dpatternlist[2*i] + dpatternlist[(2*i)+1]

for n in range(len(wpattern)):
wcol = @
if (wpattern[n] == generated[0:1]):

worder = wpattern[n+1]
wcol = col
pos

n

=n
len(wpattern) + 1

for m in range(len(cols)):

w in wpatternlist:

orr = 0
for q in df[cols[m]]:

if (((orr+l) == int(worder)) and ((m+l) == in

wpatternlist[pos] = q
orr+=1

if (w not in str(numbers)):

word = word + w

elif wpatternlist[@] == '@' and wpatternlist[len(wpatternlist)-2] != 'Z":

generated = dpatternlist[0]

der
chr

col
for

= derivation
= der[0:1]

=0

k in cols:

order =1

col+=1

for row in df[k]:

rw = row.decode('utf-8")

if (rw == chr):
ord = order

generated = generated + str(ord)
generated = dpatternlist[@] + dpatternlist[1]

k = "none"
row = "~"
order +=1

for n in range(len(wpattern)):

wcol = @

if (wpattern[n] == generated[0:1]):

worder = wpattern[n+1]
wcol = col

pos =
n = le

n
n

(wpattern) + 1

for m in range(len(cols)):
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127. orr = 0

128. for q in df[cols[m]]:

129.

130. if (((orr+l) == int(worder)) and ((m+1l) == int(wc
0l))):

131. wpatternlist[pos] = q

132. orr+=1

133. word = wpatternlist[@]

134. if type(derivation) != unicode:

135. derivation=derivation.decode('utf-8")

136. word = word.decode('utf-8"') + derivation[1l:len(derivation)]

137.

138. elif wpatternlist[len(wpatternlist)-2] == 'Z' and wpatternlist[0] != '@':

139. word = word[1:len(word)-1]

140.

141. generated = dpatternlist[len(dpatternlist)-1]

142. der = derivation

143. chr = der[len(der)-1:1len(der)]

144.

145. col =0

146. for k in cols:

147. order =1

148. col+=1

149. for row in df[k]:

150. rw = row.decode('utf-8")

151. if (rw == chr):

152.

1530 ord = order

154. generated = generated + str(ord)

155. generated = dpatternlist[len(dpatternlist)-
2] + dpatternlist[len(dpatternlist)-1]

156.

157 k = "none"

158. row = "~"

159.

160. order +=1

161.

162. for n in range(len(wpattern)):

163. wcol = ©

164. if (wpattern[n] == generated[0:1]):

165.

166. worder = wpattern[n+1]

167. wcol = col

168. pos = n

169. n = len(wpattern) + 1

170.

171. for m in range(len(cols)):

172. orr = 0

173. for q in df[cols[m]]:

174.

175. if (((orr+l) == int(worder)) and ((m+1l) == int(wc
0l))):

176. wpatternlist[pos] = q

177. orr+=1

178.

179. if type(derivation) != unicode:

180. derivation=derivation.decode('utf-8")

181. word = derivation[@:len(derivation)-1]

182. if (wpatternlist[len(wpatternlist)-2] != unicode):

183. word = word + wpatternlist[len(wpatternlist)-2].decode('utf-8")

184. else:

185. word = word + wpatternlist[len(wpatternlist)-2]

186.

187. elif(wpatternlist[@] == '@' and wpatternlist[len(wpatternlist)-2] == 'Z"):

188.

189. word = word[1:1len(word)-1]
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190.

191. generated = dpatternlist[0]

192. der = derivation

193. chr = der[0:1]

194.

195. col =0

196. for k in cols:

197. order =1

198. col+=1

199. for row in df[k]:

200. rw = row.decode('utf-8")

201. if (rw == chr):

202. ord = order

203. generated = generated + str(ord)

204. generated = dpatternlist[@] + dpatternlist[1]

205.

206. k = "none"

207. row = "~"

208.

209. order +=1

210.

211. for n in range(len(wpattern)):

212. wcol = @

213. if (wpattern[n] == generated[0:1]):

214.

215. worder = wpattern[n+1]

216. wcol = col

217. pos = n

218. n = len(wpattern) + 1

219.

220. for m in range(len(cols)):

221. orr = 0

222. for q in df[cols[m]]:

223,

224, if (((orr+l) == int(worder)) and ((m+1l) == int(wc
0l))):

225. wpatternlist[pos] = q

226. orr+=1

227.

228. word = wpatternlist[0]

229. if type(derivation) != unicode:

230. derivation=derivation.decode('utf-8")

231. word = word.decode('utf-8"') + derivation[1l:len(derivation)]

232.

233, combinedword = word

234. word = word[1:len(word)-1]

235

236. generated = dpatternlist[len(dpatternlist)-1]

237. der = derivation

238. chr = der[len(der)-1:1len(der)]

239.

240. col =0

241. for k in cols:

242. order =1

243, col+=1

244, for row in df[k]:

245, rw = row.decode('utf-8")

246. if (rw == chr):

247.

248. ord = order

249. generated = generated + str(ord)

250. generated = dpatternlist[len(dpatternlist)-
2] + dpatternlist[len(dpatternlist)-1]

251.

252. k = "none"

253. row = "~"
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254.

255. order +=1

256.

257. for n in range(len(wpattern)):

258. wcol = ©

259. if (wpattern[n] == generated[0:1]):

260.

261. worder = wpattern[n+1]

262. wcol = col

263. pos = n

264. n = len(wpattern) + 1

265.

266. for m in range(len(cols)):

267. orr = 0

268. for q in df[cols[m]]:

269.

270. if (((orr+l) == int(worder)) and ((m+1l) == int(wc
0l))):

271. wpatternlist[pos] = q

272. orr+=1

273. if type(derivation) != unicode:

274. derivation=derivation.decode('utf-8")

275. word = derivation[@:len(derivation)-1]

276. word = word + wpatternlist[len(wpatternlist)-2].decode('utf-8")

277.

278. combinedword = combinedword[@:len(combinedword)-1] + word[len(word)-
1:1len(word)]

279. word = combinedword

280. return word
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