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Abstract 

Automatic understandi ng of natural languages requi res a set of language processing tools. 

POS tagger, w hi ch assigns the proper parts of speech (li ke noun , verb, adjective, etc) to 

wo rds in a sentence, is one of these tool s. This stud y invest igates the poss ibili ty of 

appl ying dec ision tree based POS tagger for Amharic. The tagger was deve loped using 

j48 dec is ion tree classifier algorithm, which is Weka's imp lementation ofC4.5 algorithm. 

Tn the process, a corpus deve loped by ELRC annotati on team was used to get the req uired 

data fo r training and testing the models. The dataset is compri sed of 1065 news 

doc uments ; 2 10,000 wo rds. A sample o f some 800 sentences are se lected and used for 

mode l development and eva luation . The dataset was preprocessed in line with the 

requi rements of the Weka's data mini ng tool. In order to support dec ision tree 

class ification mode ls, a table that contai ns the contcxtual and orthographic informatio n is 

constructed semi-automatica ll y and used as training and testi ng dataset. 

The ri ght and left ne ighboring wo rds tags fo r each word are used as contex tual 

informati on. Moreover, orthographi c information abu ut the wo rd li ke the first and last 

character, the pre fi x and suffix, ex istence of numeric di g it within the wo rd and so on are 

included in the tab le to prov ide useful information to the wo rd to be tagged. 

Performance tests we re conducted at various stages using 10-fold cross validation test 

option. Ex perimental results show that, onl y two successive left and right words tag 

provide useful contex tua l info rm atio n; contex tual information beyond two doesn' t 

provide useful information rather noise. In the end , an over a ll , including ambi guo us and 

unknown words, 84.9% correctness (or accuracy) was obtained using 10- fold cross 

validation test option. Even though , the accuracy of thi s stud y is encouraging further 

stud y to improve the accuracy so as to reach at implementation level is recommended. 
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CHAPTER ONE 

INTRODUCTION 

1.1 BACKGROUND 

Natural language is a speciali zed language developed in a usual way as a method o f 

communication between peopl e [8). It enables human beings to learn and share 

knowledge in spoken or written form. Natural language in written form serves as a long 

term reco rd of knowledge transfer from one generation to the next. 

The rapi d increase o f the storage and processing capability o f computers and the 

ava il ability of large electronic data enabled hu man be ings to process natura l languages 

using one or more algorithms. It is concerned with the des igning and building of software 

so that computers analyze, understand , and generate natural languages. But thi s is not an 

easy task; understanding language means, among other things, knowing what concepts a 

word or phrase stands for and knowing how to link those concepts together in a 

meaningful way. The chall enges come from the highl y ambiguous nature of natural 

language (27). For example, the presence o f am biguous words (like the Engli sh words 

train, race, etc), whi ch have more than one tag, m akes the des igning of POS tagger a 

chall enging task. 

POS tagging, which is one of the natural language processing applications, is the process 

of ass igning a part of speech li ke noun , verb, pronoun, preposition, adverb , adjecti ve, etc 

class markers to each word in a sentence (35). The input to a tagging algorithm is a string 



of word s of a natural language sentence and a specified tagset and the output is a single 

unambiguous POS as much as poss ible or more than one tag that needs further 

investi gation to disambi guate it. 

Generall y POS taggers can be characteri zed as rul e based or corpus based [14]. Rule 

based POS tagging models use a set of hand crafted rules and a dictionary to tag words in 

a sentence [10] . Most Rule based models use a two phase architecture [20]. Ln the first 

phase a ll words in the sentence received all the possible tags using di ctionary. Fo llowi ng 

thi s, the second phase uses rul e templates to get an unambiguous single tag by removing 

tags that violet the rule template. 

Rule based POS taggers are more accurate and better describe linguistic phenomena [22] 

as they are written from a lingui stic point of view and explicitly describe lingui st ic 

phenomena. Moreover, rul e based POS tagger models may contain man y and complex 

kinds of information; thi s allows the construction of accurate system. 

On the contrary, deve loping the necessary rul es for POS tagging for a parti cu lar language 

is not easy especiall y for morphologica ll y ri ch languages li ke Am hari c. Rule based POS 

tagging needs from few hundreds to thousands of rul es by lingui sti c experts, and it may 

require years of labor to develop [24]. Transportability, robustness and coverage are al so 

the maj or limitati ons of rul e based taggers [22]. Transporting the model to other 

languages means starting the whole process again to model the language. Rule based 

models do not consider frequency of information and thus have a limited robustness and 

coverage [ibid] . 
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On the other hand , corpus based laggers use one or more algo ritlU11 s that learn and build 

mode ls from the training dataset and apply their experi ence to new instances. For 

example, Hidden Markov, Neural network, memory based, and decision tree are some of 

the existing corpus based tagging algori thm s for POS tagging (42). 

Decision tree class ifier learns the c lass ification rul e from the training dataset and app li es 

it to c lassi fy the new instance with littl e human in volvement (for tra ining and testi ng set 

preparation if it is supervised learning). This minimizes the cost needed to develop 

c lass ifi cation rul es unlike that of rul e based POS tagging. Moreover, the rul es developed 

by decision tree class ifi ers are human understandable and subject to further improvement 

un like that o f other stati stical taggers. That is, it can be verifi ed whether or not they 

capture true underl ying lingui sti c phenomena (14). Saying it in different words, the rul es 

generated by dec ision tree classifi ers can be checked and evaluated linguisti ca ll y to 

improve the accuracy of the classifier. 

1.2 STATEMENT OF THE PROBLEM AND ITS JUSTIFICATION 

Amharic is the working language oC the federal government of Ethiopia (1 2) . It is also the 

working language of Illany other regional states of the country (Amhara, Addi s Ababa, 

southern nation 's, nationa liti es and peoples, Gambell a, Dire Dawa and Benshanguel 

Gumuz regions). Manuscripts in Amharic are known fi'om the 141h century and the 

language has been used as a general medium for li terature, journalism, education , and so 

on (3). A w ide vari ety of Amhari c li teratures inc luding books, re li g ious writings, fi ction, 

poetry, plays, and magazines are ava il able both in printed and machine readab le forma t. 
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The increased avai lability of electronic Amhari c publications demands the powerfli1 

process ing capability of computers for process ing, storage and retrieva l purposes. 

Although slllall in number, experiments on Amharic text process ing are conducted on 

different areas. SOJ11e of the experiJ11ents done in thi s area are: Automatic J11orphological 

ana lyzer for AJ11haric (Tesfaye, 2002) , Automati c sentence parsing for Amhari c tex t 

(Abiyot, 2000; Atelach, 2002), in formation retri eval (Zelalem, 200 I; Saba, 200 I; 

Bethl ehem, 2002 ; Ya lemsew 2005), stemming (Nega, 1999), and automati c part of 

speech tagger for Amhari c (Mesfin , 200 I : Sisay, 2005 ; yenewondim , 2006). 

Most NLP applications like Morphological analyzer, parser, stemmer, spelli ng checker, 

machine translation and infonllat ion ret ri eva l systems are highly dependant on 

appropriate tags of words in a sentence as one component of the whole process; i. e. POS 

tagging is not an end by itse lf; rather it is one component of other higher level NLP 

app li cations. As a conseq uence, the presence of robust POS tagger for Amharic eases the 

implementation of the above NLP applications fo r AJ11 haric. 

Mesfin [26) and Yenewondim [42] developed a prototype for POS tagg ing fo r Amhari c 

using Hidden Markov model and neural network model respectively. Mesfi n [26] used a 

one page tex t compri sed of 390 words for hi s experiment. Testing with 29 words on 25-

tagsets, Mesfin [ibid) reported 90% accuracy. Similarly, Yenewondim [42) reported an 

accuracy of 93.88% using 2429 words for training and 392 words for testing on 24-

tagsets (using bi gram model). 

The hidden Markov J11 0del uses the lex ical and transition probab ility to handle aJ11bi guous 

and unknown wo rds. On the other hand, neural network model uses lexica l probabilities 
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as weights to the input layer and it uses a back propagat ion to readj ust weights in the 

in put layer to get a better single outpu t (the tag of the target word). But both Hidden 

Markov model and neural network model treat language as a black box fi ll ed with 

probab ili ties and transition weights ( 14). They use probability weights (the n-prev ious tag 

sequences) to ass ign the correct pas tag both for ambiguous and unknown wo rds. Their 

highly dependency on stati sti ca l va lues made them fa r from linguist experts to eva luate 

and correct errors. 

Unlike o ther stati stica l pas taggers, the contexts used in decision tree pas taggers to the 

prob lem of pas tagging are not onl y n-grams; other comp lex orthograph ic and 

morpho logica l information can also be inc luded to provide additional in fo rmation to the 

wO I·d to be tagged. 

General ly, deve lop ing decision tree pas tagger has the fo llowing merits as compared to 

other stat istical taggers : 

• Context information are not only n-grams (the n-previo us tag sequences) li ke other 

stat isti cal models ; rather the n precedi ng and fo llowing tag seq uences and other 

in formation (e.g. Tag_ I '= <NN>, Tag_l f. <NN>, Tag_2 f. <AD.I>, etc) may be also 

included to better model the language. 

• Decis ion trees are flex ible2 (22) to include more mo rphological information li ke the 

suffix , prefi x, fi rs t and last characters of the target word, etc. at any ti me before 

I The description for Tag_ I. Tag_2, etc is fo und in sec tion 4.4 

2 A combi nation of differen t kinds of infortllalion in a rich language modeling is performed with in a 

nexible tagger to further improve the prev iously reported results [22]. 
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and/or after the mode l is built in order to improve the accu racy of the model wh ich is 

imposs ible in other stati sti ca l POS taggers. 

• The rul es generated fro m trai ning dataset are subject for furth er improvement with 

lingui sti c anal ys is. 

By seei ng the potential advantages of dec is ion tree for POS taggi ng and the 

recommendation by Yenewond im [42], thi s study exp lores the application of dec ision 

tree for Amhari c POS tagging. 

1.3 OBJECTIVES OF THE STUDY 

1.3.1 General Objective 

The genera l object ive of thi s study is to investi gate the applicab ili ty of decision tree for 

designing an automatic part of speech tagger for Amharic. 

1.3.2 Specific Objectives 

To achieve the general objective, the following spec ifi c objectives are addressed. 

• To make a review of the literature so as to have conceptual understanding and 

share ex periences of others in the area 

• To stud y the morphological properties of Amharic words to identi fy the 

infl ectional and deri vational rules of word formation that are useful to deve lop 

training and test ing datasets for designing a decision tree POS tagger. 

• To exam ine the type of lex icon required fo r dec is ion tree POS tagger, and design 

the lex icon accordingly 
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• To assess an d sc lect one a lgorith m from th e existin g di fferent decision tree 

c lassi fi cation a lgorithms (103, C4.5, etc) based on accuracy and the ir ca pabil ity to 

handl e binary an d categorica l features 

• To test/evaluate the performance o f the selected POS tagger a lgorithm for 

A mharic 

• To draw conc lusions and recommendations based on ex perimental resul ts 

1.4 METHODOLOGY OF THE STUD Y 

1.4.1 Lite,"atUl"e Review 

Books, conference papers, research reports, journal arti c les and other published and 

unp ubli shed mate ri a ls (incl ud ing those from Internet) are consulted for thi s study. 

Re lated wo rks on Amharic word classes a re also reviewed to understand the 

morph o logica l prorerty of Amharic wo rd c lasses. Related works on POS tagging in 

general and POS tagging for Am haric in parti cular are also reviewed to understand th e 

different approaches fo r POS tagging; to se lect sui table tagging a lgorithms; and to 

deve lop training and test ing dataset for POS tagging for this study. 

1.4.2 Corp us preparation for mod el building and model testing 

The tagset used for thi s wo rk is developed by ELRC. The reason why thi s co rpus IS 

se lected is that: it' s ava ilabili ty, accessibility, and it is a1Ulotated by lingui stic experts (i.e. 

it is mo re reliable). The tagset used by ELRC annotation team is attached in appendi x B. 

A sample of 19, 634 wo rds, 10-fold cross va li dation is used to partition th e data fo r 

tra ining and testin g, are taken and manuall y preprocessed to correct transcription and 

tagging inconsistencies. Then, th e ri ght and/or th e left context of each word in the sample 

7 



co rpus are ex tracted and converted in to contex t tabl e. Moreo ver, the prefix and suffi x 

information for each word in the sample co rpus are included in the tabl e manuall y to give 

additi onal information to the wo rd that is going to be tagged. 

J .4.3 Decision tree model building and testing 

The Weka mach ine learn ing tool (weka is an open source machine learning tool 

deve loped by the Uni versity of waikato Hamilton, New zea land) is used for thi s study 

due to the familiarit y of the researcher to it; its transportability, accessibility, and 

process ing capability. Besides, the tool is language independent, i. e. it can be used for 

any languages, includi ng Amharic, Engli sh, French , etc. The Weka software package has 

d ifferent algorithms for different purpose. However, in thi s stud y onl y the J483 

class ificat ion algo rithm is used for model build ing and model testing due to its capab ility 

to handle both binary and categorical features. A total of six ex periments are done using 

the se lected algorithm us ing lO-fold 4 cross va lidation test option. Filiall y, anal ysis and 

conclusions are made based 011 the percentage of correct tag ass ignment. 

1.5 APPLICATlON OF RESULTS 

pas tagging is a basic task in most natural language processing systems. Natural 

language processing systems like sentence parsing, phrase reco gnition, machine 

translation , grammar and spelling checker, speech recognition , word sense 

disambiguati on and information retri eval relay on pas tagger. Hence, the output of thi s 

resea rch can be used as one component of the above NLP process ing activ iti es. 

3 The reason fo r the selection orthe algorithm is given in sec tion 5.2 

4 The reason for the selection of IO-fold cross validation test option is found in section 5.3 
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Moreover, the output ru les from the decis ion tree POS tagger can be used as a sta rting 

po int to researchers who p lan to develop rul e based POS taggers fo r Amhari c. 

Altho ugh thi s stud y is conducted on Amharic text corpus, its resul ts could also be appli ed 

fo r any loca l languages (if tagged co rpora5
, and pre fi x and suffi x li st is available) that use 

the Eth iopic script (Like Olll'age, Harari , Tigri e, and Tigrni ya). 

1.6 SCOPE OF THE STUDY 

Thi s study develops a decision tree POS tagger for Amhari c. For thi s purpose 10% 

sample sentences, containing 19634 words, are se lected from the corpus developed by 

ELRC annotation team exc luding X ML like tags (e.g. the date the fil e is created, source, 

name of the document, etc) which are not useful fo r thi s experiment. The reason for not 

using the who le corpus fo r thi s stud y is that, it needs man ual processing (which is time 

consuming, tedious, and costl y) as there are inconsistencies related to transcription and 

tag usage. 

The language IS modeled by ex tracti ng the context, pre fi x, suffix, the fi rst and last 

character, and ex istence of digit characters fea tures both automatica ll y ancl manuall y 

(prefi x and suffi x features) for each wo rd in the sample corpus. Other informati on li ke 

the in fix and the stem o f each word in the sample corpus is not included due to resource 

constraints (ti me and money). 

5 Corpora (singu lar corpus) in this context is labeled or tagged electronic text' fo r experi mental purpose 
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For the deve lopment of POS tagger, j48 dec ision tree class i fi cati on algo ri thm which is 

weka's implementation o f C4.5 algorithm is used. First, the extracted fea tures (language 

modeling) are converted into a csv fil e format (. csv ex tension), which is one of Weka 's 

valid file fo rill ats, and a tota l of six experiments are conducted to determi ne the most 

useful features to the prob lem of POS taggi ng fo r Amhari c. The built model for this 

purpose is not com pared with other statistica l POS taggers usi ng the same co rpus due to 

tilll e constraint. 

1.7 ORGANIZATION OF THE THESIS 

This paper is organi zed into six chapters including the current chapter. The second 

chapter disc usses the existi ng approaches to POS tagging in general and the app li cation 

or decision tree for POS tagging prob lem in detail. The third chapter dea ls with the 

morp ho logica l processes of Amharic. The Amharic word catego ries are also discussed in 

detai I in thi s chapter. Chapter fo ur di scusses the process of corpus preparation anc! the 

des ign of algorithms for the experi ment. Chapter fi ve presents the experimentation detail 

and the analysis made based on the findings. Finall y, the last chapter dea ls with the 

conc lus ions drawn and the recommendat ions made based on the findings of the stud y. 
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CHAPTER TWO 

POSTAGGING 

2.1 INTRODUCTION 

These days, computers are used to process natural language using one or more algorithms 

to enable a human computer interacti on. It is an emerging fi eld o f NLP using a set of 

theori es and a set of technologies to process natural language li ke that o f human language 

process ing. 

POS tagging, wh ich is one area of natural language processing, automaticall y assigns to 

each word in a sentence a part of speech (wo rd class) from a predefined tagset. But, 

categori z ing words in a sentence in to a particular POS is not an easy task due to two 

reasons [14]: the ex istence of ambiguous words and unknown words. 

Ambi guous words are those words in the lex icon that have more than one tag category. 

The ex istence of such words in a sentence poses difficulty to categorize it in to one of its 

possible POS tags. For instance, the Engli sh word 'train' is ambiguous as it can be a 

noun or a transitive verb. In addition to the ambi guous words, unknown words, wh ich are 

wo rds in a sentence that are not found in the lex icon (or training set), pose d ifficu lty 

during taggi ng. Unknown words assume al l the poss ible tagsets during tagging. Choos ing 

the most appropriate poss ible tag for unknown words in a sentence is also a big 

chall enge. 
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To deal with both to ambiguous and unknown words during POS taggi ng, both the 

lex ica l, as well as the context information- i.e. relati onship with adjacent and related 

wo rds in a phrase, sentence, or paragraph has to be considered [ 10]. Lex ical and context 

in formation can be extracted using one or more algo rithms (e.g. Vieterbi , C4.5, etc.) from 

the tra ining corpus which is developed either manuall y (by linguisti c expert) or 

automat ical ly (using algorithms). Once the model is built from the traini ng corpus, then it 

is used to ass ign unambi guous tags for unseen (or new) instances. 

2.2 OVERVIEW OF POS TAGGING 

POS tagging is the process of assigning each wo rd in a sentence the proper part of speech 

tag in its particul ar context [23]. The input to the POS tagger is unannotated sequence of 

words in a sentence and the output is the sequence of words in a sentence with their 

appropriate part of speech tag. For instance the sentence abebe lIIeShe{geza
6 'Abebe bought 

a book ' is a sequence of unannotated word s. But abebelNN lIIeShejlNN gezaN is the output 

of the tagger, wh ich are sequences of wo rds in a sentence with their appropriate tag 

separated by s lash. The codes NN and V are tagsets in the lexicon, where NN stands for 

noun and II for verb. A tagset rep resents a co ll ection of tags (which is symbolic 

representation of word categori es) for al l c lasses of words having distinct gram l11 at ical 

behavior. Eg. Penn Treebank tagset. 

Automating the tra ining and tagging process can be supervised or unsupervised [17]. 

Uns upervised tagging models do not require training co rpus. Instead , they use 

(, Amha ric characters or words arc italicized in order to differentiate them from English characters or words. 

Moreover the equivalent Engl ish meaning of each Amharic word or phrase is shown using single qllotes 

( " ) 
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sophi sti cated computati ona l methods to automat ica ll y induce tagsets and based on those 

automatic gro upings, to either calcul ate the probabi li stic in fo rmatio n needed by 

stochasti c taggers or to induce the con text rul es needed by rul e based systems [ibid]. 

Unl ike that of unsupervised taggers, supervised taggers need pre-tagged (training) 

corpora to build the tagging model and to test the built model using new instances in 

order to check the acc uracy of the bu ilt model befo re using it. For thi s purpose, there are 

lots of manuall y tagged corpora fo r other languages. For example, the Penn Treebank and 

the BNC are the we ll known Engli sh corpora avai lable for researchers in the fi eld of 

NLP. But resea rchers in Ethiopi an languages like Amharic, Affan Oromo, T igri gna, and 

so on suffe r a lot due to the absence of suffici ent corpora fo r experimentation. Recently, 

the ELRC annotation team manuall y annotated 2 10,000 words j1-om 1065 Amharic news 

documents [16] . The corpus is availab le for researchers on webs ite:http ://nl p.amharic.org. 

It is encouraging fo r researchers in the fi e ld of natural language process ing fo r Amharic. 

Corpus preparation can be done either manually or automaticall y [42]. Manual annotation 

can be clone by lingui sti c experts whil e automatic annotat ion can be performed by 

app lying algo rithms such as TreeTagger, Neura l network, etc. Both manua l and 

automated annotat ions have their own meri ts and demerits. Manual annotati on is 

expensive, monotonous, inconsistent due to the high poss ibi li ty of different annotators to 

annotate the same corpus d i fferentl y, time consuming, difficult to correct errors due to 

inconsistency in the annotation process, and monotonous. But manual annotation will 

result in fewe r errors as compared to automated annotation [i bid]. 
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On the other hand , automated annotation of corpus is fa st, easy, requires less invo lvement 

of people and it is easy to detect and correct errors as the an notation process is consi stent. 

On the cont rary, it lacks the flexibility that is found in human annotators. 

2.3 EXISTlNG APPROACHES TO AUTOMATEDPOS TAGGING 

There are di fferent automated approaches to POS tagging. A simple rul e based POS 

tagg ing [7]; Hidden Markov mode l POS tagging[26]; Neural network POS tagging [42]; 

Decision tree POS tagging [14;19; 22; 23; 34]; and so on are some of the auto mated POS 

taggers ava il able today. The approaches can be broadly classified in to two: rule based 

and corpus based [14]. The details of each of these categori es are di scussed bellow. 

2.3.1 Rule based POS tagging 

Rule based pas taggers use hand crafted rules developed by linguistic experts from 

language paradigms for handling both ambi guous and unknown words. It is a-two stage 

architecture [20]. In the fi rst stage, it uses lex icon (or dictionary) to tag each wo rd . At thi s 

stage, each word received its dictionary tags without considering context. For example, if 

any Eng li sh wo rd X is used as a noun (NN) or an adjective (ADJ) in the dictionary, then 

at thi s stage X assumes two tags: 

X /NN/ADJ. 

Followi ng this, context rul es are applied to handle ambiguous and/or unknown words. 

The context fram e rul e (rule template) might say something li ke [ 17]: 
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I . I f an ambi guous or un known Engli sh wo rd X is preceded by a determiner (DET) and 

fo llowed by a noun (NN), tag it as an adj ecti ve (ADJ) . 

DET - x - NN = X/ADJ 

2 . An ambiguous or unknown Engli sh word X is a noun (NN) rather than a verb (V) if it 

follows a determiner (DET). 

DET-X- =X/NN and so on. 

The rul es reduce or e lim inate tags that are inconsistent with the context leaving correct 

tags intact [ 17; 23]; and should reduce the li st of POS tags to a single POS tag per word 

as much as possible. In other words, using the context inform ation ambiguous words are 

retagged according to the rule template and unknown words are also tagged fo llowing the 

rule template. For example, the ambi guous word X in the above example will be retagged 

as X/ADJ if it sati sfy rul e I or as X/NN if it sati s fy rule 2. I f it doesn't sati sfy any of the 

rules, the tags ass igned to it at phase one are kept intact (X/NN/ADJ). 

In additi on to contextual informati on, some ru le based taggers also use morphological 

information to aid in the di sambiguation process [1 7]. This includes the beginning one or 

two letters of the word, the last one or more letters of the word , the presence of cap ital 

letters (capita lization), punctuation mark etc. For instance, one such ru le might be: if an 

ambiguous or unknown English word ends in -OilS, label it as an adj ective; because this is 

the most common tag for wo rds endi ngin -OilS in English. 

2.3.2 Co rpll s based POS tagging approaches 

lowada ys, there is a paradigm shift from rul e based to corpus based POS tagging due to 

the ever ex panding availability of large corpora; more powerful computing resources; and 
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a greater demand for natura l language based applicat ions [22; 3 I) . Moreover, un li ke that 

of rul e base pas tagging most corpus based pas tagging systems need limited human 

in vo lvement and reduce the cost assoc iated with it. 

Corpus based taggers use large labeled (tagged) dataset fo r learn ing, and applies the ir 

experience (knowledge) to class ify new (u nseen) instances. The lea rning process fro m 

training set is based on the probability that a word occurs wi th a parti cul ar tag. Guilder 

(17) identi fied three levels of lea rnin g com plex ity for corpus based taggers. 

The first level assumes on ly word/tag pair freque ncy and the one that encountered most 

frequently in the traini ng set is assigned to ambiguous instance(s) of that word. Even 

though thi s approach yields a valid tag for a given word, it doesn' t consider the 

neighboring word tags fo r the se lection of the most probable tag for the target wo rd. T his 

leads to the poss ibility of ill<ldmi ss ible sequences of tags with neighboring words. 

An a lternat ive approach to the wo rd frequency approach is to calculate the probability of 

a given seq uence of tags occurring (transit ion probabi lities)? to alleviate the prob lem of 

inadmissib le sequences of tags. Transit ion probab ili ties are sometimes referred to as the 

II -gralll approach. Transition probability approach refers to the fact that the best tag for a 

given word is determined by the probability that it occurs with the n previous tags [ibid). 

The most common a lgorithm for im plementing an n-gram approach is known as the 

Viterb i A lgo rithm [ibid). It is a search algorithm which avo ids the po lynomial expansion 

o f a breadth first sea rch by trimming the search tree at each leve l using the best N 

7 The derail fo r trans ition probabilities are foulld in Jurafsk y and Martin [20]. 
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Max imum Likelihood Esti mates (where n represents the num ber of tags of the fo llowi ng 

word). 

The third level o f complex ity that can be introduced into a stochasti c tagger combines the 

prev ious two approaches, using both tag sequence probabilities and word frequency 

measurements. This approach is known as a Hi dden Markov Model. Hidden Markov 

model is based on the fo llowing assumptions: Each hidden tag state produces a word in 

the sentence and each word is: 

1. U ncorrelated with all the other words and their tags and 

2. Probabilities depend on the n- prev ious tags onl y 

Corpus based taggers can be further classified as stati stical and machine learning famil y 

[24]. Stati sti cal taggers bui ld stati sti cal model of the language from the avai lable training 

set and apply it to class ify unseen data (or new instances). 

Although stati sti cal models invo lve either supervised or unsupervised learning, only 

those taggers that include more sophisticated info rmation than n-gram model are 

categori zed under machine learning tagging systems [ibid]. Transformation based 

learning; dec ision tree; artifi cial neural network and so on are under thi s category. The 

detail of decision tree is given in the nex t section since it is the method that is used in thi s 

study. 
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2.4 OVERVIEW OF TOP DOWN INDUCTION OF DECISION 

TREES (TDIDT) 

Decision tree is a class ifi er with a fl ow-chart-li ke tree structure w ith three nodes (root 

node, internal node, and leaf node) and an arc (branch) that connects two nodes [18]. The 

root node has no incom ing edges and zero or more outgoing edges. Lnterna l nodes have 

exact ly one incom ing edges and two or more outgo ing edges. Finall y, the leaf node has 

one incoming edge and no outgo ing edges and represen ts the class va lue. 

Each non-termi nal node of a decision tree is labeled with the identifier of one attribute, 

each edge (or branch) is labeled with the possible value for the attribute attached to the 

node the branch comes from, and the lea f node represents sets of examples of the same 

class . For example, in Figure 2.1, tag_2, tag_i, and tag2 are attributes fo r branching and 

the tagset {NN, ADJ, PUNC, V, ... } are the set of poss ible va lues fo r attri bute /ag_2, 

/ag_ 1 and tag2. C; represents the class to wh ich the objects of the corresponding leaf 

node be long. 

To c lassi fy a new object using the developed model, start fro m the root of the tree and 

descend fo llowing the path that satisfies the test criteria until the terminal node is reach. 

The c lass attached thi s terminal node (leaf) is the c lass ass igned to the new object. For 

instance, a new obj ect that has a value <N> fo r tag_2 attribute, and <V> for tag2 attribute 

wil l be assigned a class C;. 
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<N> 

Tag2 

<PUNC> <V> 

Ci 

Figure 2.1 A decision tree diagram 

r------------------------- Root 
node 

\-_________ Internal 
node 

Leaf 
node 

Decision tree are used for classification in many areas, especially supervised machine 

learn ing [23]. Decision tree is used for Medica l Diagnosis: Predicting tumor cells as 

benign or malignant; Fraud Detection: Classifying credit card transactions as legitimate 

or ij·audulent; Classifying secondary structures of protein as alpha-helix , beta-sheet, or 

random coi l; and Categorizing news stori es as finance, weather, enterta inment, sports, 

etc. 

The applicati on of decision tree for class ification is a two step process: Model building 

and model using. Figure 2.2 shows the steps to use decision tree for class ification. During 
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model bui lding, the tra ini ng set is used to construct by induction a classification rule such 

that it can be determ ined the class of any other obj ect by applying thi s rul e over the 

va lues o f its attr ibutes. TDIDT constitutes non incremental supervised learning 

a lgo ri thms rrom examples (trai ni ng set) that construct decision trees in a top down way 

guided by the f requency of information in the example but not on the order of the 

examples [ib id) . The tree grows through an iterative splitting of data into discrete groups, 

where the goa l is to maxi mize the "distance" between groups at each split . A nu mber of 

diffe rent algo ri thms may be used for bu ilding decision trees [39) including ID3 

(Induct ion Decision Tree ver. 3), CHAlD (Chi-squared Automatic Interaction Detecti on), 

CART (Classificat ion and Regression Trees), Quest, and CS.O (the latest vers ion of C4.5 

by Ross Qu inlan et al ( 1986)). Finally, prev ious ly unseen or unknown objects are 

classifi ed by app lying the developed model. 

Leaming 
Algorithm 

~ TRAINING 
Learn 

SET Mod el 

~ 

1/ 
MODEL 

App ly 

~ 
Mode l 

TEST SET 

Figure 2.2 Class ifi cation model of decision tree 
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2.4.1 Application of Decision tree for POS tagging 

Decision trees are used to ass ign a morphosyntactic tags to words in a sentence. Marquez 

and Rod ri guez [23] used decision tree for pas tagging for Span ish language. They 

an notated 17K word from a book (Spanish no vel book) using 18 tagsets. From this 

dataset, examp les are extracted for trai ni ng and testing for each of the four different 

ambigui ty levels:Article-pronoun am biguity, the word 'q ue' meaning that, Noun-verb 

ambiguity, and unknown words. For each ambiguity level, some examples wh ich belong 

to the corresponding ambiguity level are extracted and divided in to trai ning and testing 

set. The traini ng and testi ng set contains contextual, morphological and orthograph ic 

information which is peculiar to the language. Fo llowing this, experim ent is carried out 

for each ambigu ity level and performance resu lt shows an increase in accuracy- fro m 

82. 16% (which is the result of the most li kely tagger) to 98% (net increase 15.84 %) 

when dec ision tree is used for Artic le-pronoun ambiguity level. Similarl y, the net 

increase for Noun-Verb ambiguity, ' que' and unknown wo rds are 16.6%, 39 .67% and 

41.5% respectively. The system shows signi fi cant improvement on unknown and the 

word ' q ue' than the other ambiguity c lass levels. Th is shows that, i I' the language is 

modeled w ith carefu l li nguistic ana lysis, decision trees can pred ict unknown and 

am biguous words with reduced error rate. After tree pruning is made based on error rate 

threshold and minimum number of instances, and lUni ng the default parameters (e.g. the 

proper contex ts to be considered , Eps I-the weight assigned to the attri bute selection 

functi on, etc.) an overall acc uracy of 93 % achieved. Moreover, the system outperforms 

when only two left and two right contexts are used-which is determ ined experi menta ll y. 

2 1 



Hirshman [ 19] also used binary dec ision tree classifi er (taggers) using the j48 algori thm 

on the Penn Treebank corpus. The training and testing sets for hi s study is taken from the 

Penn Treebank corpus of the Wal l Street Journa l articles which is annotated using 38 

tagsets. He carried out di fferent experi ments by varying the s ize of the training set (1000, 

5000, 10,000, 25,000, 50,000 and 100,000) and fixed number of test sets (50,000 words), 

the number of word specifi c subtrees grown, and the number of prev ious POS considered 

when mak ing a tagging dec ision. In most cases, increas ing the number of the trai ning set 

shows improvement on accuracy. Moreover, bigram contexts (consideri ng previous two 

contex ts) results in better acc uracy than other contexts. On the other hand, increasing the 

nu mber of word specific subtrees doesn't improve the accuracy of the system 

significantly-in some cases the acc uracy even decreases . The system achieved an 

accuracy of 83.57 % when bigam contexts with 250 wo rd spec ific subtrees. The main 

cha ll enge reported here is the req ui rement of large memory by decision tree POS tagger 

and it is unab le to use large datasets fo r the experiment. Thi s study also not considered 

right context wh ich can be useful to disambi guate during tagging. Moreover, the method 

used fo r tree pruning to get optimal tree size is not reported in th is work. 

Decision trees are also used to ca lcul ate transition probabi li ties and shows better 

performance than the standard trigram taggers (trigram Hidden Markov Model) Schmid 

[34]. The TreeTagger used by Schmid [ib id] and the standard trigram tagger diffe r in the 

way that trans ition probab il ities are esti mated. The standard n-gram taggers use the 

Markov models based on max im um likelihood esti mation (MLE) princi ple [ibid]. 
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On the other hand , the TreeTagger estimates transition probabi lities based on information 

ga in princ ip les which is presented in secti on 2.4.3. At each recursion step, the one that 

gives better information is attached to the current node of the dec ision tree and this node 

is expanded recursively fo llow ing the same procedure (info rmation gain measure 

ca lculation, fol lowed by se lection attributes to be attached to the node). Fi nally, leaf 

nodes are attached with tags that sati sfy the test criteria with their support probabi liti es. 

Schemid [ibid] trained and tested the TreeTagger and the standa rd trigram tagger using 2 

mi llion words and some 100, 000 words respecti ve ly and ach ieved an accuracy of96.34 

which is better than the standard tree tagger. That is, the tr igram TreeTagger is better tha n 

the standard tri gram tree tagger by 0.3%. The most interesting use of TreeTagger is its 

robustness in contrast to the standard tree tagger [ibid]. That is, sma ll traini ng corpus did 

not result in a sharp degradation of the accuracy, as it was observed for standard trigram 

taggers. 

The use of decision tree for POS tagging is two fold. The first is that it reduces the cost 

incurred to deve lop classification ru les as it lea rns the rule di rectly fro m large annotated 

corpora. The second is, the rul es it generated are human understandab le and they are 

subject to furthe r improvement. Apart from its advantages, memory is the mai n problem 

reported by some resea rchers . Decision tree parses al l of the instances in main memory to 

do computation-whi ch needs high memory. 



2.4.2 Decision Trees and Attribute Selection 

The bas ic algorithm for dec is ion tree inducti on is a greedy algori thm (fo r choosing test 

attributes) that constructs dec ision trees in a top-down recursive di vide-and-conquer 

manner [ 18]. Decision tree algorithms learn from independent instances where instances 

are represented by attribute-value pairs. It searches th rough the attributes o f the training 

instances and ex tracts the attribute that best separates the given examples. For the 

selection of the attribute with the most inhomogeneous class di stribution the algoritiUll 

uses the concept of information ga in [ibid], which is expl ained in section 2.4.3. The 

reason why information gain is selected for the selection of best attributes than other 

measures (e.g. Gini index, ga in ratio, etc) is that C4 .S algo rithm, which is used for this 

stud y, uses in fo rmation gain ratio [30] to se lect best attribu tes for branching. Such a 

measure is re ferred to as an attribute se lection measure or a measure of the goodness of 

split [1 8]. The attribute with the highest information gain (or greatest entropy reduction) 

is chosen as the test attribute for the current node. This attribute minimizes the 

in formati on needed to c lass ify the samples in the resulti ng partiti ons and re fl ects the least 

randomness or " impurity" in these partitions. Such an information-theoretic approach 

minimi zes the expected number of tests needed to class i fy an object and guarantees that 

s imple (but not necessaril y the simplest) tree is found . Here, the centra l focus of the 

dec ision tree growing algorithm is selecti ng whi ch attribute to test at each node in the 

tree. 

2.4.3 r nforlllation Gain 

In formati o n ga in measure is used to se lect the test attribute at each node in the tree [1 8]. 

The attribute w ith the highest information gain or greatest entropy reducti on is chosen to 
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test attribute for the current node. The expected information (or the spl it information) 

needed to classify a given sample S, which consists of S data samples res iding in m 

di stinct classes C; where I :c: i :c: m is given by [ibid]: 

11/ 

-I Pi /Og2(PJ 
i~ 1 

W here Pi is the probability that an arbitrary sample belongs to class C, and estimated by 

S;lS and Sj is the number of samples of S in class C j. 

The entrop y and information ga in has to be ca lcu lated for each attribute to select the best 

attribu te for splitting. Hence, if an attribute A have N distinct values, raj , a2, ... ,an} and 

A partitions S into N subsets {SI,S2, ... ,Sn}' where Sj contains those samples in S that 

have values aJ of A. If A is selected as the test attribute (i. e., the best attribute for 

splitting), then SI, S2, ... , Sn would co rrespond to the branch grown from the node 

containing the set S. The entropy, or expected information based on the partitioning into 

subsets by an attribute A, is given by: 

n 

E(A) = - L SI j + S2j + ... +SIllI I(Sjj , S2j, ... ,Sill]) 
i ~ 1 S 

Where:S;j to be the nLimber of samples of class C; in a subset SJ and (Si] + S2] + ... +Sn~)IS 

acts as the weights of the jth subset and is the ratio of number of samples in the subset to 

tota l sample in S . 
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The smaller the entropy value, the greater will be the purity ofthc subset partitions [ibid]. 

It shou ld be noted that, for a given subset Sj 

111 

[(Slj , S2j, ... , SIlU) = -I Pij log2(Pij ) 
i ~ 1 

Where Pij ~ Sij ISj is the probab il ity that a sample in Sj belongs to class Ci. 

As a resul t, the encod ing info rmation that would be ga ined by branching on attribute A is: 

Ga in (A) = I(SI, S2, . . . , Sill) - E(A) 

In other words, Ga in CA) is the expected reducti on in entropy caused by knowing the 

va lue of the attribute A. 

The algoritlul1 computes the information gain of each att ri bute. The attri bute with the 

highest information ga in is considered as the most discriminating attribu te of the set 

under consideration. In other words, the sma ller the entropy, the purer is the subset 

partition. So, an attribute that yields max imum information gain wi ll be chosen for 

dataset partitioning. Then, a node is created and labeled with the chosen attribute; 

branches are fo rmed fo r each value of the attri bute, and the samples are partitioned 

accord ingly. The same criteria will then be app lied to each split sample. 

The algo ri thm stops parti ti oning if either one or more of the fo llowing cond itions are 

satis fi ed [39]: 

I . All samp les fo r a given node belong to the same class 

2. There are no remaining attributes fo r fu rther partitioning 
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3 . If al l the samples are ex hausted. i.e., there are no samples left 

2.4.4 Overfitting and tree pruning 

Noise or out li e rs wi ll resu lt anomalies during dec ision tree construction . Tree prun ing is 

used to address the problem of overfitting the data based on statisti ca l meas ures. 

Overfi ting of the trai ning dataset wi ll resu lt if the features have man y va lues [40]. If a 

feature with man y va lues is se lected as test attr ibutes it uniquely identify each instance in 

the training dataset but it is inadequate to c lass ify new instances (test set) . Fo r example, 

dec is ion tree models can identify each instance fr0111 the training dataset based on their id 

(if id is a primary key featu re) w ith little or no error. But it is unable to c lass ify new 

instances whic h are not seen in the training set-as nothing is leamed from the trai ning set 

[i bid]. The corpus fo r thi s stud y has many val ues for target word , prefix, suffix, first 

character, and last character fea tures. To avoid thi s problem, tree pruning is applied on 

the bui lt model [18; 39]. There are two approaches to tree pruning [ibid]: pre-pruning and 

post -prun i ng. 

Pre-p runing approach hal ts tree constru ction earl y-do not split a node if this wo uld res ult 

in the goodness measure falling below a threshold. It compares the distribution of classes 

before and after the split and test stati stica ll y (Chi-sq ui red test, information ga in , and so 

on) to assess the goodn ess of sp lit [ibid]. If pa rtitioning the sampl e at the node wi ll result 

in a split that fall s below the pre-spec ifi ed thresho ld, then further partiti oning of the given 

subset is halted. 
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On the other hand, pos-pruni ng approach removes branches from a ful ly grown tree based 

on error estim ati on, signifi cance testing, and MDL principl e and the lowest unpruned 

node becomes a leaf and is labeled by the most frequent c lass among its form er branches 

[ 18; 39; 40]. it uses either sub tree raising or sub tree repl acement pruning operations to 

get an optimal tree fo r classi fi cati on. 

After tree pruning, an independent test set is used to estimate the accuracy of each tree 

and the deci sion tree that minimizes the expected error rate is preferred to use to class ify 

new i I1 stances. 

2.4.5 Extracting classification rules from Decision Trees 

The know ledge represented in decision tree can be transformed in to IF-THEN rules 

whi ch are eas ily understandabl e by human beings [18; 39]. One rule is created for each 

path from the root node to the leaf node by ANDing each attribute-value pairs in the rul e 

TF part and ass ign ing the leaf node value for the consequent (THEN part). For example, 

from the decision tree shown in Figure 2.1 , IF tag-2 = "NN" AND tag+2 = "V" THEN 

tag = "C;" can be extracted being the c lass attribute tag. 

2.4.6 Advantages of using Decision Trees for POS tagging 

The application of decision tree for POS tagging has, generall y, the following 

ad vantages: 

• Dec ision trees make few passes througb the data (no more than one pass fo r each 

level of the tree); as a consequence, models can be built very quickl y, making 

them suitable for large datasets. 
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• Decision trees handle non-numeri c data (nominal features) very we ll . Th is abi lity 

mini mizes the amount of data transformations but it req uires large memory. For 

example, for thi s experiment 1280 Mb of mai n memory is consumed. 

• Unlike other stati sti ca l taggers (for examp le, HMM app roach) possible contexts 

are not onl y the va lues of the attri butes (unigrams, bigrams, tri grams, etc), but 

also other types of contexts. For example, in a bigram contex t if the attributes 

tag_2, tag_ I have poss ible values <NN>, <AD]>, <DET>, and so on, then the 

poss ible contexts include tag_ 2=<NN>, tag_2 f. <NN>, tag_ I f.<DET>, 

tag 2=<DET> etc whi ch gives add itional information to the word to be 

disa mbiguated. 

• information in tree can be converted in to eas ily human intel-pretable ru les . Thi s 

feature enables experts to eva luate and upgrade its performance. 

2.4.7 Li mitations of using Decision Trees 1'01' POS tagging 

Apart from the strengths, decision trees use a "greedy" algorithm fo r the cho ice of an 

attribute for splitting. In other words, all future splits are dependent on the first split ; 

which means the fina l so lution could be very different if a different first split is made. 

Furthermo re, ex isting deci sion tree algo rithms (for example ID3 and C4.S) have been 

well estab lished for small datasets wh il e in real world very large datasets (in millions of 

samples) are very common. But , more recent algorithms that include SI:IQ and SPRI NT, 

both of them are commercial softwares address the problem of scalability [18]. For thi s 

study the J48 algorithm , which is a free ly availab le algorithm, is used as we described in 
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section 5.4 because of the limited resources (budget) for this stud y to cover the cost for 

SLTQ and SPRINT. 

2.5 SUMMARY 

Rule based and corpus based POS tagging systems are the two broad approaches to the 

problem ofPOS tagging. Rule based POS tagging systems are li nguistic expert dependent 

wh ile corpus based POS tagging systems are co rpus dependent. 

TDIDT algo rithm is one of the corpus based approaches to classify new instances based 

on the rul es it lea rned during traini ng. Building the model using training datasets, tree 

pruning to avoid the problem of overfi tti ng the data, testi ng the correctness of the pruned 

tree using independent test sets and fi nally using the model to classify new instance are 

the major steeps that must be done during mode l building and model using. 
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CHAPTER THREE 

THE AMHARIC GRAMMAR AND THE TAGSET 

3.1 THE AMHARIC WRITING SYSTEM 

The Am haric w ri ti ng system uses fidel or abugida, which was adopted fro m Ge'ez . 

Ge'ez, whi ch be longs to the class of Semiti c language famil y, is the language of literature 

in Ethiopia . At th is time Ge 'ez is used mainl y in Eth iopian Orthodox Tewahedo Church 

fo r re li giolls w ri ting purpose [ II ]. 

The current Amha ri c writi ng system consists of a core of thirty-three characters ( fidel), 

each representing a consonant and each of which occurs in a basic fo rm and in six other 

fo rms or o rders accord ing to the vowel which is combined with the basic symbo l [2 1]. 

T hus there are a total of 238 diffcrcnt characters. The first basic order and the other six 

orders represent the different sounds of a consonant-vowel combination (a 

characteri zation known as syll ab ic) . Th is characteri sti c according to Bender [6] makes 

the Am haric w riting system a syllabic writing system. 

In a sy ll abic system, like Amhari c, the number of characters (symbols) needed by the 

language is determined by the number of basic sounds used [ibid]. In additi on to the 23 1 

characters, there are nea rl y forty other characters that contain a spec ial feature lI suall y 

represent ing labia li zation, for example, ~, (kwa) from h (ke) and iii (qwa ) from l' (qe) . For 

deta iled information the most common characters for Am haric writing adapted from 

Yacob [4 1] and Dawkins [11 ] are li sted in ap pendi x A. 
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3.2 THE P UNCT UATIONS 

The Amhari c writing system uses some ind igenous and fo reign punctuati on marks (signs) 

in addition to the Amhari c characters [ II] . However, onl y few of them are practi ca ll y 

used, especia ll y in computer-wri tten text. The word-separator (III1/el ll eTb), two square dots 

arranged li ke co lon (:), and sentence-separator (ora{ lIeTb) , fo ur square dots arra nged in a 

square pattern (: :), are the bas ic punctuati on marks in Amhari c wri ting system that are 

used cons istentl y. Today, the use of fill/el Neleb is not seen in modern typesetting. rn 

typesetting its place is almost completely taken over by space. 

Lists in Amharic text are separated by an equiva lent of comma, 'llele/a serez'(') fo llowed 

by ASCIl space and 'derib sereze' (l), whi ch is the equi valent of semi -co lon. rn add ition to 

these, the Amhari c wri ti ng system has borrowed some punctuati on ma rks fro m fo reign 

languages (ib id). For instance, the usage o f exc lamati on mark ' l ' and the questi on mark 

'?' in Amharic is identica l with their usage in foreign languages. 

3.3 AMHARIC MORPHOLOGY 

N atural languages have complex systems to create words and word form s from smaller 

units in a systematic way. The part of linguisti cs which deals with the formation of words 

and their internal structure is re ferred as morpho logy. The basic assumption behind 

morpho logy is that the in fi nity of words of a language are produced from a finite 

co ll ecti on of smaller uni ts [38]. 

The bas ic building blocks in mo rpho logy are morphemes [4; 13; 38]. They are the 

smallest unit in language to whi ch a meaning may be assigned or, alternatively, as the 
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min imal un it of grammatical anal ysis. Fo r example, consider the fo llowing Amharic 

wo rds: 

I. bEl bEl 'house' 

2. lelllol'iwoc feJllari-lVoc 'students' 

The first word (bEl) is the small est meaningful unit that can 't be subdi vided further. I fwe 

try to di vide it further in to smaller units IbEI and III, we get it' s consti tute sounds; but 

none of them has a meaning in isolati on. In other wo rds it is a wo rd as we ll as a 

morpheme. By contrast, the second word lelllariwocil can be sub di vided in to two 

morphemes: lelllari and I·woc! each of them are mean ingful Amharic morphemes. The 

suffix I·woc! is attached to the word lelllari to show plural form. Such a process of maki ng a 

morpheme or a word (o r wo rd components) is called morpheme real izati on [37]. 

Moreover, different forms of morpheme rea li zations are ca ll ed a morph; while all 

d ifferent fo rms used to represent a Jl10rph are called allomorphs [ibid]. 

Like other languages, Amharic morphemes can be free or bound morphemes. A free 

morph form a wo rd by its own; whil e a bound morph occurs on ly in combination with 

other fo rms. For example, bEl is a free morp heme and - wac is a bound morpheme. 

3.3.1 Types of morphological Processes 

Morpho logica l processes can be categorized into in flectional and deri vationa l [9; 38]. 

The two processes differ in the type of words they prod uce. Derivational processes create 

new words of different wo rd class (for example generating a noun from a verb). Wh ile 
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in flectiona l process does not change the word class of the newly created word. The 

follo wing are examples to clarify thi s concept: 

I . bEl + oc = bEloeh 

noun bound morph noun 

2. gizE + ([wi gizEyawi 

' time' ' tempora ry' 

noun bound morph Adjecti ve 

Example 1 shows infl ectiona l process of word form ation since the newly form ed word 

hEloch and the base wo rd bEl are under noun category. While in number 2, gezE (noun) is 

changed to an adjecti ve (gezt)mlVi) by addi ng the su ffi x I-awil . Th is process of change from 

noun to adjective shows deri vational morphologica l process . Detail ed discuss ion for 

in flec tional and derivationa l morphological processes is found in [ I ; 4; I I ; 13; 29). 

3.3.2 Constitutes o/Amharic /IIorI'll 

The process invo lved in formi ng words from one or more morphemes is referred as wo rd 

format ion. Amhari c wo rds can be formed by affixation , redupli cation, and Semi tic stem 

interdi gitation, [4; 11; 13; 36). An affi x is a bound morph that is reali zed as a sequence 

of phonemes [38). Affixes can be prefix , su ffix or infi x. A prefi x is an affix that is 

attached in front of a free morpho For example the Amharic words ye-ilyoPya 'Ethi opi an ', 

be·/llekilla ' by car ' , le-sebere ' broken', and so on are fo rmed by add ing the bound 

morphemes: /ye·/, /be·/, and / Ie-/ on the free morphemes ilyoPya. /II ekilla, and sebere 

respecti ve ly. 
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A sufJix is an infix attached at the end of a free mOI1) h. I-oel. 1-lI'ocl. I- III, I-waf. I-ill II. and so 

on are some of the Amharic sufJixes that are added to a free morph to fo rlll a new word. 

For example I)-oc 'ch ild ren', gebel'£-lI'oc 'farmers', l)- ilU 'children (female), etc, are some of 

the Amharic words that are fo rmed by su ffixa tion. 

An infix is an affix where the placement is defined in terms of some phono logica l 

condition(s) [ibid]. It is the process of fo rlll ing new words by add ing bound morphemes 

any where except the beginning and the end of a free mo rpho The example given fo r 

reduplication and Sel11etic stem interdigitati on be llow can be also used fo r word 

forl11ation by infixatio n process. 

Amharic words can be also formed by red upl ication. Reduplication copies some po rti on 

of a free 111 0rph to forl11 another wo rd form. The fol lowing are examples of red uplicati on 

in Amhari c that are presented in [ibid]. 

kelefe 'choped ' -7 ke-ta-Ief e 'choped agai n and again' 

qell ese 'decreased' -7 qe-I/(f-I/ese 'decreased a lot' and so on. 

Unlike other languages, Semitic languages inc lud ing Amhari c use non- li near wo rd 

forma ti on by interdigitati on of consonantal roots with voca lic patterns [4; 5; 13; 29; 33; 

36]. Amharic root represents sequences of consonants-CCC8 and are the bases fo r the 

derivati o ns of most verbs as well as nouns and adjectives; whi le a stem is a consonant or 

consonant vowel sequences [1; 28; 33]. Pattel1l represents a set of vowels which are 

S Although the mOSI common root length for Amharic roots is three, there are different views in the range 

of rools. Detailed discussion on different views of Amharic roots is found in Saba [33]. 
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inserted among the consonants of the root. The most commonl y used roots are 

tri consonanta l roots (wh ich contains three consonant form s: CCC). For example, sbr is 

the root form of the verb sebere ' he has broken' containing three consonants. Some of the 

verbs deri ved from the root sbr are: 

sebar; ' the one who breaks' 

::iebara 'broken' 

sebabare 'the one who has broken again and again' 

sbar; 'fragment' and so on. 

Moreover, s ing prefixation and suffixati on on the above inflacted word forms, another 

word fo rm can be form ed as fol lows: asebar; ' the one who make some one to break ' , 

sebar;-woch ' th ey broke' , etc. detail ed discussion on Amhari c word formation by Sem itic 

stem interdigitation is found in Abi yot [J]; Nega and Willet [29]; and Saba [33]. 

3.4 WORD CATEGORIES IN AMHARIC 

Li ke other languages, Amharic words are not ordered rando ml y. Sounds or characters are 

ordered in some pattern to form words, so are words to form sentences and sentences to 

form a certain paragraph or di scourse [ 15]. But all the words in a certain language do not 

have the same pattern . They also do not behave similarl y. Some words may inflect to 

identical grammati cal categori es and others may not inflect at al l and their grammatical 

fun ct ion may be different from the other. 

Amhari c lingui sts tri ed to stud y all wo rcl s in Amharic by catego ri zing in to word classes 

to avoid the difficulty of studying all words one by one [4; 13]. Word c lasses are the 
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di fferent gro ups under whi ch the words of a certain language are gro uped. Research 

wo rks on the categori zati on o f Amhari c wo rds can be seen in two groups: earl y work and 

recent work [ibid]. I.n the ea rl y works such as Mersi' hazen [25], Amhari c words are 

catego ri zed into eight c lasses or parts of speech. These are the noun , Verb, Adj ective, 

Adverb, Preposi ti on , Prono un , Conj unction and Inteljecti on c lasses. Baye [4] reduced the 

earl y class i fi cati on of A mhari c wo rds in to fi ve by putti ng pronouns under the noun and 

conjunctions under prepos ition catego ri es leaving intelj ections un grouped in any o f the 

fi ve catego ri es by reasoning out that intelj ection is a collection of words w ithout 

syntactic functi ons. 

To determine the c lass o f a word, a single criteri on is not enough. A combination of more 

tha n one criterion has to be used fo r word catego ri zati on. The recent catego ri zation of 

Amharic words is based on a combination o f three criteri a: the meaning (or noti onal 

criteri on), the fo rm (or mo rphological criterion) and the pos ition (or syntacti cal criterion) 

[4; 13; 15]. 

The notional criteri on method catego ri zes words based on the meaning of the word . For 

instance, a noun is a wo rd that has a referent; a verb is a wo rd that denotes actions; an 

adjecti ve is a word that modi fi es a noun ; a preposition is a word that doesn ' t have a 

lex ica l meaning; and so on. [fthi s criteri on is used separately to classify words in to word 

classes, it doesn ' t adeq uately d iffe rentiate classes adequately. For example, the Amhari c 

word lIIeholl 'to be' and llladreg ' to do' are nouns that do not have referent [42]. 
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Bes ides to not iona l criterion , the shape or morphological criteri on is used to categori ze 

wo rds based on their morpho logica l behavior in terms of inflection and deri vation. For 

example, begoc 'sheep' and betoc ' houses ' take the plural marker suffi x I-oel . Hence, the 

Amharic wo rds beg ' sheep' and bet 'house ' are categorized under the same word category 

noun. But if we consider the Am haric wo rd bela ' he ate', it does n't take the suffix I-oc/ . 

Hence, the category of the word bela is d ifferent from the category of the above words. lts 

category is under verb . That is, words that innect for aspect and mood in Amharic can be 

considered as adverbs. On the other case, words that innect for case, definiteness, number 

and gender can be considered as non-verb since thi s is not a property of verbs [15]. 

The third criterion , the syntactic criterion, is used to categori ze words based on their role 

or usage in syntax. Here, the position o f the word and the surrounding words in a 

sentence is important to categorize words. For instance, in Amhari c, most of the time a 

verb comes al the end of the sentence. 

Mesfin [26] adopted in hi s work the c lass ification fo llowed by the earl y scho lars but 

treating nouns and pronouns in the same part of speech class as suggested by Baye [4]; 

with a justifi cation that earl y catego ri zation is more exhausti ve and could al low the POS 

lagger to tag words exhaustively and eas il y. 

The ELRC annotation team, which is selected for thi s stud y, used the basic eight classes: 

No un , verb , pronoun , adjective, adverb , preposition, conjuncti on, and inteljection and 
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other subclasses for the annotation o f the Amharic news documents. For detailed 

information see Girma and Mesfin [16]. 

3.4.1 T he Amhal'ic Noun C lass 

Amharic nouns are words used to name or identi fy entities li ke a gro up of th ings, people, 

places, ideas, etc, or any subset (or member) of these classes. No uns takes the suffix I-oc! 

as a plura l marker. For instance sew ' man' and beg 'sheep' are singular nouns. But when 

the suffi x I-oc! is added on each of them they become sewoc ' men' and begoc 'sheep' 

respectively to indicate the plural fo rm of the noun sew and beg . But it doesn' t mean that 

all words that take I-oc! as suffix is a noun and words which doesn ' t add l-oC! as a suffi x 

are not nouns. For instance the words gobz 'clever' and seJl e( ' lazy' take the suffix I-oc!. 

But they are under the category o f adject ive not in noun. Amhari c nouns can be preceded 

by adjecti ves to modify it. [n the phrase Ilk beg ' big sheep' the word Ilk is used to express 

the noun beg. On the other hand , pronouns li ke eJle ' ] ', allte 'you' etc doesn ' t add the suffix 

I-oc! but they are under noun category. Amhari c nouns can be either primi tive or derived. 

Nouns or words in general are said to be in their prim itive forms if they ex ist in their 

ori gina l form (e.g gize ' time') whereas they are referred to as derived if they origi nated 

(derived) into their present state from a different, and possibly completely different 

catego ri es (e.g. gizEyawi ' temporary ' ). 

3.4.2 The Amharic verb class 

The Amhari c verbs are those words that usuall y come at the end of a complete 

grammatical declarati ve sentence. The word c lass ' verb ' des ignates words that express 

acti ons, states, times and etc [ 15]. They also take suffixes (i.e . subject markers) like I-hi 
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'you' , I-xl ' she ', 1-11I 1i ' I ' and so on, to agree with the subject of the sentence. Amharic 

verbs can be either primi tive or derived like nouns. Unlike deri ved nouns, verbs can be 

deri ved from verbs onl y [ibid). Verbs can ' t be deri ved from other words different from 

verb . For instance, the verb esgedele ' he made some one to kill some body' is deri ved from 

the verb gedele ' he killed some body'. 

3.4.3 The Adjective Class 

These are words that usuall y come before nouns and serve as modi fi ers of nouns they 

precede. But it doesn 't mean that al l words that precede nouns are adj ecti ves. For 

c larifi cation, consider the following sentences: 

1 . 11'1 beg 

2. yh beg 

3. gobez fellwri 

' big sheep ' 

' thi s sheep' 

' cleaver student' 

In the above phrases, on ly Ilk 'big ' and gobez ' c lever' are adjectives . But in sentence 2, 

even if the wo rd yh ' thi s ' precedes the noun beg, it is not an adject ive. Like nouns, 

Amharic adjectives can be either primiti ve or deri ved. For example, the adjecti ves TEllallIa 

' hea lth y', and sekarallI 'Drunkard' are derived from the noun TElla ' health' and the verb 

sekere ' get drunk ' respectively. 

3.4.4 Prepositions in Amharic 

The term ' preposit ion' re fers to those wo rds that will have meanings only when they are 

attached or used together wi th other words such as nouns, verbs, pronouns and adjectives. 

The prepos itions category in Amharic compri ses affixes such as lie-I ' for' , Ike-I ' from ', Ibe-
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1 'with' , lye-I ' that ' or ' of' , 1.I'l e-1 ' for ' , I lVede-1 ' to ' and so on. They are used to form 

adverbia l phrases appearing before nouns. 

Amharic preposit ions can take vari ed forms. They can separate word or they are prefi xed 

to other words or they can appear as compound prepos itions consist ing of two parts: 

preposit ional prefixes and post pos itions with a noun at the midd le. For instance, in the 

phrase sle sm ' Abo ut work' , the preposition sle appears as a simple preposi ti on that stands 

alone as a separate wo rd. Where as, the preposi tion be- ' by' , in the phrase belll ekii/a lIIeTa 

' he came by car' , is pre fi xed with the wo rd lII ekil/a 'car' . Detai led di scussion abo ut 

compound prepos ition is fou nd in [4]. 

3.4.5 T he Adverb Class ill Amharic 

In Amharic, adverbs that are found in their primitive form are very few [13] and the most 

common incl ude: gel/a 'yet' , 10 10 ' qui ckl y', kji.lNa ' severe ly' , and so on. Thus, phrases that 

are combi nations of prepos itions and some other words like nouns (e.g. beheyl 'By force' ) 

or prepositions and adject ives (e.g. bedehl/a 'we ll') perform the functions of adverbs in the 

language. Adverbs refer to places , time, ci rcumstances etc of the action mentioned by the 

verb. Besides, there are adverbs of pos ition, also call ed to as noun adverbs that function 

either as a nou n or as an adverb depending on the context they are used in. For example, 

in wde IIIS( g eba 'H e entered inside', the word lVsI is lI sed as a noun while in bell'S! yseral 'He 

works in ' lI'Sf is used as an adverb [42]. 
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3.4.6 Conjunctions in Am hal'ic 

This class of wo rds includes both coord inati ng and subordinating conjuncti ons. 

Conjunct ions are used to synchron ize words, phrases, clauses and sentences. Ilia 'and' 

and ",e)'1II11 'o r' are ex amples of Amharic conju nctions. Li st o f Amhari c conjunctions 

fo ll owed by a deta il ed discuss ion on them is found in Dawki ns [ I I]. As it has been 

poin ted so far at the beginning o f thi s chapter, thi s study uses the earl y method of 

Amhari c POS class i fi cation developed by ELRC ·in which conjunctions and prepos itions 

are treated as independent POS categories . However, one prob lem wi th thi s trend of 

classi fi cation is the fact that sometimes the same fo rms (e.g. sle, be, and ke) forms are used 

both as prepositions and as conj unctions. This categorical ambiguity of such words can 

be so lved by making careful ana lysis of the contex t in which the words are used. 

3.4.7 Numerals 

Nu mbers in Amhari c can be represented in two ways: using symbols and using words. 

The symbols that are used to represent Amhari c numbers consist o f twenty (20) single 

characters. They represent numbers one to ten, multiples of ten (twenty to ninety), 

hundred and thousand. These characters are deri ved from Greek letters [6], and in order 

to make them look like the Amharic characters the symbols are mod ifi ed by add ing a 

horizontal stroke above and below. The Ethiopian number system doesn ' t have the 

concept of pl ace values li ke Hindu Arabic numeral s. Moreover, there is no symbol in 

Amharic number system to represent zero (0). The concept of commas and decimal 

points are not al so inc luded in the Amhari c nu mber system. A li st of the Amhari c 

card inal numbers is found in [I I ; 2 1]. 
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In addi tio n to symbol s, wo rds are also used to represen t numerals (of course ord ina l 

numbers) in Amha ri c. i.e. ordinal numbers in Amharic are fo rmed from their equi va lent 

cardinal numbers and the suffi x I-Nal 

Example: Cardinal Gloss Ordinal Gloss 

fllld 'one' oJ/deNa' first' 

Like English, Amhari c has al so compound numeral s and numera ls that indi cate 

di stribution and partiti on of someth ing whole. The following are examples to illustrate 

these. 

Compound numerals: olld lIIelo selllollY" hillel ' one hundred and eighty two ' 

olld lIIelo selllollY" h"leleN" 'one hundred eighty second' 

Distributive numerals: h"lel h"lel 'two two' 

Partition nUlnerals : gil/ax 'half; siso 'one th ird' ; rub 'quarter' 

Wo rds or symbols that represent num bers are grouped under numeral category. The 

nu mbers under thi s category can be cardi na l and ordinal numbers. 

3.4.8 Interjections 

Am haric has many words or phrases that are used to exp ress emoti ons li ke sudden 

surprise, pleasure, annoyance and so on. Wo rds that are used for such purposes are ca ll ed 

in teljecti ons. For example, words li ke gox r 'Well done! tahnks r' , EndEla r ' Of course!', 

Enja! 'Don ' t know r' and so on are com l11on interjections in the language. 

Amhari c interjecti ons can stand alone or can appear any where in a sentence. i.e. they 

have no syntacti c connecti on with any other wo rds that may occur with them; they are 

discourse words [4; 15]. 

Example: goSI 
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gaS! srayell Ceresllfl. 'Oh! I fini shed my work. ' 

srayell Ceresllfl gaS' ' J fi ni shed my work oh! ' 

3. 5 TAGSET FOR AMHARIC WORD CLASSES 

The tagsets and the co rpus developed by ELRC an notat ion team is used for thi s study as 

we di scussed in section 1.4.2. The annotation team used eleven ma in tagsets (noun, verb, 

adject ive, preposit ion, adverb, pro noun , conjunction, numera l, inteljection, punctuation 

and unc lass ified) and different sub classes of noun , verb, adjective, pronouns, and 

num era l to annotate Amhari c news documents. 

3.6 SUMMARY 

Thi s chapter presents issues in Amharic that are related to thi s study based on recent and 

early works. Although researchers in the area class i fy Amharic words into five, seven, or 

eight parts of speech categories, for thi s st ud y, the categories ado pted by the annotation 

team is ap plied as di scussed in section 3.5. 

Generally speak ing, Amharic wo rds may be classi fied under one of the aforementioned 

word c lasses. Nevertheless, know ledge of the different word c lasses is not enough for the 

task of categori zing words of a given sentence in to their proper classes. Moreover, some 

Amharic words , li ke nbebe ' a proper name' or ' blossomed ', bekele 'a proper name or ' it 

grew', and so on, can be catego ri zed in more than one word category (e.g. as noun and as 

verbs) depending on the context they are used. Reca ll also the case of some of the 

prefixes li ke Isle·l , 
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Ibe-I, Ike-I etc. that can be categori zed as both conjunctions and prepositions. Hence, there 

should be a mechani sm, more than one criterion with careful in vestigat ion, to 

disambi guate lexical c lasses of such words. 

U nderstanding the Am haric writing, morphology and grammar helps to ex tract 

orthographic and morphological information for each word during training and testing 

dataset preparation to this stud y. 

45 



CHAPTER FOUR 

CORPUS PREPARTATION AND ALGORITHM DESIGN 

4.1 ARCHITECTURE OF THE SYSTEM 

F igure 4. 1 depicts the overall architecture of the system. The system starts from a raw 

tex t. Then the text is tokeni zed and manuall y annotated (for thi s experiment annotation is 

not made since the corpus is alread y annotated by the ELRlC annotation team). To 

smooth the inconsistencies related to tag usage for compound words and transcription, 

the sample corpus is manuall y preprocessed (more information is found in section 4 .3). 

Follow ing thi s, the features are ex tracted for each word in the sample corpus both 

automati call y using one or more algo rithms and manuall y to generate training and testing 

set for the c lassifi cation algorithm (the detail is presented in sect ion 4.4 and 4.5). Then 

the c lass ification al go rithm builds mode l from the training set and appli es the built model 

to test new instances (i .e. it tags each word in the test set using the built model) and 

disp lays performance eva luation of the built model to users. The algorithm builds model 

based on in fo rmation ga in measure whi ch is already di scussed in section 2.4 . 
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As indicated in section 1.4.2, the corpus developed by ELRC is used in this research. 

However, from high leve l inspection it is observed that the corpus has some 

inconsistencies that need manual prep rocessi ng in order to use it in thi s study. For 

example, consider the following portions of sentences which are taken directl y from the 

corpus: 

47 



1. ...II/klt <N> minislr <N> ala <ADJ> leJiay E <N> sodallo- <PUNe> yeserateNall{! 

< Nl>C> .. 

2. . .. III/a/ <N> lIIillisll" <N> ala <AD] > belay <N> Ijgu <N> - < PUNC> yegbma <Nl» 

III/a/ <N> //Iinisfr <N> .. 

3. . .. beleCelllal"illl <CONJ> beagel" <Nl» lVs7iw <PREPC> .. 

4. . .. Teqlay <AD]> lIIillisll" <AD]> lIIeles <NC> z£aawilla <NC> .. 

5. . .. p,.£zidol/{ <AD.T> negaso <N> gir/ar/all(l <NC> Teqlay lIIillis',. <N> //Ietes <N> zEl/awl 

<N> .. and so on. 

In number 1, sodollo (which is a proper name for Ethiopians) is attached with hyphen 

symbo l (- ) and received a <PUNC> tag whi le in number 2, the hyphen symbol (- ) and 

the proper naill e Ijgu considered as two separate words and received two di fferent tags: 

<PUNC> and <N> respecti vely. The other inconsistency in the tagging process is 

observed in number 4 and 5. Ifwe consider the Amharic word Te'llay ' prime', it is tagged 

as an adjective «AD.T» in number 4. But in number 5, Te'llay anellllillisll" are considered 

as compollnd words and received a <N> tag. The two examples shows that the presence 

of inconsistence tag usage during the tagging process . Finally, in number 3 the Amharic 

wo rd lVsTna is tagged with <PREPC>. The problem here is that, the tag <PREPC> is not 

found in the li st of the tagsets that are used for taggi ng the corpus (compare with the 

(agset ll sed by the annotation team wh ich is attached in appendix B). Rev iewing the 

corpus will reduce such types of inconsistencies that are found in the corpus. But, for thi s 

stud y, preprocessing manuall y or automat icall y (0 smooth the inconsistenci es observed in 

the corpus is mandatory to improve the accuracy of the experiment. 
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On the other hand , preprocessi ng the who le corpus manual ly for this study is not feasi bl e 

as it is time consumi ng, laborious and costl y. To all eviate the aforementioned problems 

vis-a-v is the ex istence of inconsistencies in the co rpus and the constrain ts assoc iated with 

manual prep rocess ing, eight hundred sample sentences (whi ch are aro und twenty 

thousand wo rds) are taken for this stud y. 

S ince all non XML sentences in the corpus are considered to be equal ly important for this 

study, systemati c sampling method is used to se lect the samples fro m the who le corpus 

excluding XML tags that describe the tit le, date, document name and so on. Th is can be 

done by arranging the target population acco rding to some ordering scheme and then 

selecti ng elements at regul ar intervals through that ordered li st. It is important that the 

starting sentence is randomly chosen from the first sentence to the k'h sentence in the li st 

to avoid bias in the selection of samples. In thi s case, k is the ratio of population si ze and 

sample size (K.=populati on size/sample size) and represents the interva l for selecti on. For 

thi s study a sample of 800 sentences is selected from 8079 non XM L sentences. That is, 

the va lue ofK is fi xed to 8079/800= 10 (roundi ng to integer va lues). After the va lue ofK 

is fi xed and the selection starts from a random sta rt,S in thi s case, the next successive 

select ions are eve ry k'h sentence in the li st unt il the li st is exhausted. That is, the fi rst 

selection is the 5'h sentence and fo llowing these the nex t success ive se lections are the 

15'h, 25'h, 35'h and so on sentences unti l the end of the li st of sentences in the popu lation. 
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Below are the general steps that are fol lowed through out the sampling process: 

I. Select all non-XML tag sentences form the corpus 

2. Determ ine the value of k 

3. Generate a random number to fi x the starting sentence for selecti on and 

4. Appl y consistent pattern for further se lecti on until end of li st is reached 

4.3 MANUAL PREPROCESSING 

To red uce the impact of the inconsistencies that are fo und in the corpus on the accuracy 

of the experiment, a careful manual preprocessing is done on the selected sample corpus. 

The manual preprocessing includes checking and correcting the inconsistencies related to 

transcription and tag assignments fo r each word in the sample corpus. 

4.3.1 C hecking and correcting transcription inconsistencies 

There is some intermixed use of Latin al phabets to represent Amharic characters (fide/'). 

Thi s is due to either typographical errors or Amharic character to Latin conversion error. 

.lust to mention some, the Engli sh letters T, I, C, C, /l a, and /lWa are observed to represent 

the Amhari c characters '/' , (11 , I,IJ. , :(:, S: , and C; respecti vely (see the representation for 

each character from appendix A to compare their usage in th is sample). Thi s phenomenon 

reduces the accuracy of the experim ent due to the poss ibility of considering same wo rds 

as di fferent di stinct two or more words and two or more di fferent words as one word. For 

example, if the Amharic word 1Il:(''t .e (Teq/ay ) ' prime' is encoded as /eq/ay (if 1 is lIsed 

for 111 ), it is completely changed to a different word .,.:,,'1,1'. which is not a meaningful 

Amharic word ; and the two di fferent Amharic words rm:J' (lIIew) ' he kicked ... ' and 
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aual(lIIeTa) ' he came . .. ' will be considered as same word if either ). is encoded by ITa I 

or (II is encoded by Ita/. 

Transcription or writ ing inconsistencies are not consistent- in some sentences a correct 

transcription or writing of a word is observed, while in other sentence the same word is 

transcribed differently. That is, it is difficult to smooth transcription or writing 

inconsistencies us ing algo rithm(s); rather rev iewi ng the corpus for such inconsistencies 

by the annotati on team or any other interested party wi ll reduce it. But for thi s study, each 

word is checked and corrected manually whi le the prefix and the suffix info rmation are 

extracted. 

4.3.2 Checking and correctin g tagging incon sistencies 

Besides to encodi ng and typographi c inconsistenc ies, the corpus has inconsistencies 

related to tag ass ignment to each word in the corpus as we have seen in section 4.2. 

Building a class ification model on such inconsistent data degrades the accuracy of the 

built model. From thorough inspection, inconsistent tag usage fo r compound words is 

highl y observed. To reduce the afo rementioned inconsistencies, all compound words 

that received one tag in the sample corpus are thoroughly ana lyzed for their consistent 

tag ass ignment in other sen tences they occur. If the compound words observed in other 

sentences are tagged separately, then the observed compound words are retagged 

separately. On the other hand, if they are tagged as compound words in their ex istence 

most of the time, then their tag ass ignment is kept intact. For example, consider the 

compound wo rd found is kilo meier ' Kilometer' <NN>. If the two words (kilo and 

meier) are tagged as compound words in most other sentences, then the white space is 
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removed and their tag is kept intact. O n the contrary, if the two wo rds are tagged 

separate ly frequent ly, then the compo und word is retagged as kilo <NN> and lIIeter 

<NN> . 

4.4 TRAINING AND TESTING DATASETS 

After al l the necessary preprocess ing is done on the samp le co rpus training and testing 

datasets, 90% fo r training and the remaining 10 % is used fo r testing- using I O-fold cross 

val idation test option, are prepared as shown in tabl e 4. 1. The tab le has Tag_ i, Tagi, 

where i e rl, 2, , 5}, Target JVord, Has nllmeric character?, Prefix, Suffix , 

Beginning of sentence?, First character, Last ciIaracter, and Word class attributes. The 

description of each att ri butes used for thi s study is shown in table 4.2. The attributes 

Tag_ i and Tagi, refers to the i'h left and ri ght nei ghboring word tags (context) from the 

target wo rd respective ly. If the i'h le ft word from the target wo rd doesn' t exist, fo r 

example if the target wo rd is the begin ning ofa sentence, then the le ft i'h contex ts(Tag i) 

is ass igned 'N A' symbol to mean the i'h left context is not applicab le. Si milarl y, ri ght 

contex ts from the target wo rd that are beyond the sentence boundary is fill ed 'NA' . For 

c lari ficatio n, consider the follo wing sentence which is taken fro m the sample co rpus: 

Target word 

Ta&-2 \ Tagl Ta 3 

'~TalLl \ Word cIa" 1 Tag2 f 
. ~ . 1 1 

<lk> ie/Joliwd <NP> f ilm <N> ~ <N> 255 <NUMCR> I1v9Ev;JWiVill1 <N> ~ <PREP> 

lliWlikiv;l <r > /igl1'.iJhJd <1P> new <AUX>:: <PUNC> <I!}~> 

Tag4 TagS 
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The symbols <//)s> and </es> are beginn ing and end of sentence markers respecti ve ly. [f 

we take sra 'work' as target word, then Tag_ i has a value <N> which is the tag of the 

previous wo rd (the tag offillll), Tag_2 is filled with <NP>, whi ch is the tag of the second 

previous wo rd, and the other left context att ri butes (i. e. Tag_ 3, Tag_ 4 and Tag_5) are 

fill ed with 'NA' to mean not applicab le as described before. Similarly, the ri ght contexts 

orthe target word Sl'{( are tagi , lag2, lag3, lag4. and tag5 with va lues <NUMCR>, <N>, 

<PREP>, <N>, and <VP> respecti vely. 

In addition to context information, the table contains the prefix and the suffix information 

of the target wo rd in col umn 14 and 15 respectively. The prefix and suffi x of the target 

word w ill provide useful informat ion to assign unambi guous POS tag for the word to be 

tagged especially for morphologica ll y rich languages li ke Amharic. For example, if the 

Amharic word ends with I-oc/ most of the ti me the word is a noun. 

For this study all the prefixes and the suffi xes of each word in the corpus are extracted 

and included in the dataset manua lly if the word is composed of from more than one 

morpheme. But some words may not have a prefix or suffix or both. To represent thi s 

fact, a va lue "NP" and "NS" are fill ed under the prefix and suffi x co lumn respectively to 

denote the word has no prefi x and/or no suffix respecti vely. 
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TaILS Ta~4 TaL3 Tag~2 Tag~ 1 Targe t Tagl Tag2 Tag3 Tag4 TagS Has Bcgi nn Prcf Suff First last "" ord 

wonl numed ing of ix ix char-ac charar class 

c scntcllc tcr ter 

charact c? 

cr'? 

NA NA NA NA NA leholiwd <N> <N> <NUMC <N> <PR E no yes Ie NS Ie d <N P> 

R> i'> 

NA NA NA NA <N P> film <N> <NUMC <N> <PRE <N> no no NP NS r. m <N> 

R> P> 

NA NA NA < NP> <N> sra <NUMC <N> <PR EP> <N> < VP> no no NP NS NFC NLC <N> 

R> 

NA NA <N P> <N> <N> 255 <N> < PREP> <N> <VP> <AUX yes no NP NS NFC NLC <NUMC 
> R> 

NA < NP> <N> <N> <NUMC IlyoPyawi <PREP> <N> <VP> <AUX <PUN no no NP awia I n <N> 

R> yan > C> n 

<N P> <N> <N> <NUMC <N> wedc <N> <VP> <A UX> <PUN NA 11 0 no NP NS we de <PREP> 

R> C> 

<N> <N> <NUMC <N> < PREP> namibiya < VP> <AUX> <PUNC NA NA 110 no NP NS na ya <N> 

R> > 

< N> <NUMC <N> <PREP> <N> ligWazli <AUX> <PUNC NA NA NA no no Ii u Ii zu < VP> 

R> > 

<NUMC < N> <PR EP> <N> <VP> new <PUNC NA NA NA NA no no NP NS NFC NLC <AUX> 

R> > 

< N> <PREP> < N> < VP> <AUX> NA NA NA NA NA 110 no NP NS NFC N l C <PUNC 
> 

Ta ble 4.1 Sample tra ining and tes ting dataset 
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NO. Attribute Descriptio n Valu e 

I Tag_i used to hold the il" previous word The tagset which are used for 

tag from the target word annotating the corpus and 'NA ' 

(e.g. <N>, <ADJ>, <AUX>, etc.) 

2 Tagi used to hold the i" followin g word Same as I 

tag from the ta rget word 

3 Target wortl Holds the target words for every Any word In the sample corpus 

sentence in the sampl e corpus including punctuation marks 

4 Has Used to hold numerica l {yes, no} 

/111/11 eric information for each word 

character'! 

5 Beginllillg Holds information if the ta rget {yes, no} 

of sell Ie lice '! word IS the beginning o f a 

sentence or not 

6 Prefix holds the prefix of the target word English letters (A-Z, a-z, and Nl') 

ifit has; otherwise ' Nl" 

7 S lIf fix holds the suffix of the target word Same as 6 

ifit has; otherwi se 'NS' 

8 First Ho lds the first character of the (A-Z, a-z, NrC) 

character<J ta rget word 

9 Last Holds the last character of the (A-Z, a-z, NLC) 

cit 1I facl er target word 

10 Word class Holds the tag of the target word Same as 1 

fabl e 4.2 DescnptlOn 01 attributes used lur this stud y 

4.5 ALGORITHM DESIGN 

The algorithms discussed in thi s section are meant fo r the se lection of sample corpus for 

th is study from the population (entire corpus) and fo r the extraction of contextua l and 

morp ho logical information for each word in the sample corpus. 

9 The first and the last Amharic cha rac ters may be represented lIsi ng more than two symbol s (a single 

Amharic character may be transcribed using more than one Latin characters). For example me and flO are 

the fi rst and the last cha racter of the Amharic word mekil1(l 'car' respectively. 
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The sample generato r algorithm shown in Figure 4.2 opens fi le (the population corpus) 

and passes it as an argument to the sentence selector algorithm shown in Figure 4. 3 and 

waits until a va lue is returned back. After the va lues are returned fro m the sentence 

selector a lgo rithm, the sample generator a lgorithm accepts the number o f sample that 

must be take n from the entire corpus (population) from a use r (step 2) . Then it calcu lates 

the in terval for se lection (step 3), generates a random num ber (step 4), starts se lection 

randoml y (the m th sentence, step 5), and it continues selecting sentences fo llowed by 

wri ting the selected sentences to a secondary storage dev ice (step 6) until the end of the 

fi le. 

i . read list of sentences 

2. get sample sizeji-ol11 user 

3. calculate k = (# a/sentences in the population) (sample size) 

4. generate a random number m between i and k 

5. selecllhe m'h sen Ie nee 

6. while end a/list of sentences is not reached, do 

select the K'h sentences in the corpus 

write the selected sentence to afile 

7. end while 

Figure 4.2 Sa mple generator Algo rithm 

The algorithm in Figure 4.3 selects the tit le and the body of the document fro m other non 

relevant XML tag types (to thi s experi ment) like date of document creation, fil e name, 

etc . Fi nall y, it passes the se lected sentence to the sample generator algorithm as an 

argument and task is accompl ished . Identi fy ing the key features that uniquely 

di ffe rentiate the titl e and the body of the document from other no n relevant sentences is a 

cha ll enging task. For this case, the corpus is thoroughl y analyzed and a key feature (' < ' 
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symbo l) uniquely identify the relevant and the non relevant sentences and hand les all 

cases . That is, a ll non relevant sentences begin with '< ' symbol and those sentences that 

doesn ' t begin wi th '< ' symbol are selected and put in array buffer and passed to the 

sample generator algorithm shown in Figure 4.2 . 

I. Initialize {1I/ array of strings 

2. i = } 

3. open a corpus fi le 

4. while 110t end offile do 

if sentence i is not xlnllag types 

read sentence ifi'om corpus 

put sentence i in to array buIJer 

increment i by } 

5. end while 
6. pass the conlent of the array buffer 10 the sample 

generator fill1clion 

7. close file 

Figure 4.1 Sentence selector algorithm 

The context ex tractor algo ri thm shown in Figure 4.4 opens the sample co rpus and 

extracts information like: left context, right context, and whether the word is the 

beginning of a sentence or not. The algorithm has two loops. The first loop (outer loop) 

starts at number 4 and the second loop (inner loop) starts at A. The outer loop continues 

until al l the sentences in the sample corpus are visited and the inner loop continues until 

end of sentence marker is fou nd for every sentence j. That is, for each wo rd in sentence j , 

the inner loop extracts left and right contexts and beginning of sentence information. If 

end of sentence marker is found , the value of j is incremented by one and the outer loop 

reads the next sentence from li st and the inner loop continues the usual process for this 

sentence a lso. 
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I. illilialize arW)1 buffers of slrings 

2. j =1 

3. opell sample cO/pus f ile 

-I. Ivhile 1101 end (jffile do 

read sell/ellcej 

i= I 

while end o/sentellce marker is no! reached do 

read lIIord (/i"om sentellce j and put if in /0 all array buffer 

if lIIord i is begilllling_oLsenlence j 

assign )Ies' 10 array 

ifllo 

assign 'no ' /0 array 

read Ihe lag oflllord i alld assign il ia an array buffer 

ift.he 1/ previous ondfol/ollling words are with in/he sentence 

read Ihe II previous word lagsFolII Ihe lorgel lIIord (word i) and assign thelllio 

array bl.iffer 

read Ihe n follollling word lags FOIII Ihe large I Ivord (word i) and assign 10 

array bliffer 

i/1101 

assign "!VA' 10 array buffer 

i11crelllenl i by one 

elld inne,. while 

incrementj by one 

5. end ouler while 

6. firsl_lasl Jahrin/o=Firsl_ Lasl_ characler (Targel_wore!) Ilfunciion collillg 

7. Ilwneric = nUllleric _character (Target_ Hlorelj Ilji.mclion calling 

8. IIIrile Ihe cOlllen! o/Ihe array loftle 

9. close fil e 

Figure 4.1 Context extractol" algorithm 

I f all the sentences in the li st (sample corpus) are exhausted, then two function call s are 

made: Firsl Lasl character algo rithm (F igure 4 .5) and numeric character algorithm 

- -
-

(F igure 4.6) and wa its until va lues are returned back. Fina ll y, the functi on writes all the 
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information extracted in a csv comma separated file format for each word in a fil e with 

.csv extens ion; which is one of the va lid fi le fo rmat of the Weka data mining tool. 

The ex istence of some compound words that are separated by white space makes the 

implementation of thi s algorithm (Figure 4.4) di fficu lt to extract left and ri ght contexts. 

The words in the sentence are tokenized by white space and the pattern is expected to be 

w, <tag> W 2 <tag> .... But if a compound word separated by white space is found , the 

pattern will be affected: W, <tag> W2 W3 <tag> ... which makes difficult to recognize the 

left and right contexts of the target word . This problem is solved by removing the white 

space between compound wo rds and the algori thm handles all cases. 

Firsl_ L"'·I_ characler (array! }) Ilfunction name 

initialize array buffers 

i= } 

do 

iflllord i is 1101 punctuation or word i is 1101 dig it 

put thefirst character in to array 

jJullhe last character in / 0 array 

if not 

assign 'NFC' to array buffer II NFC is used to representnojirst 

character 

assign 'NLC' to array buffer II NLC is used to represent no last character 

I.IIltil end afword is reached 

return the content a/the array to calling/unction 

Figure 4.5 First and last character extractor algo rithm 

The purpose of the algo rithm shown in Figure 4.5 is to extract the first and the last 

character o f each wo rd in the sample corpus. The first and last characters prov ide 
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orthographic information about the word that is go ing to be tagged. It accepts its input 

from context ex tractor algorithm and it extracts the first and the last character of each 

word and assigns to array buffer provided that the word is not punctuation or digit. [f the 

wo rd is a punctuation or digit, 'NFC' and ' NLC' is assigned to array buffe r to mean the 

word has no fi rst and last character respective ly. Finall y, it returns the content of the 

array to the ca lling algorithm. 

IIl1l11eric_c//{//'{/Cler (array[ J) Ilf unction name 

1. inilialize an array buffer 

2. i=l llvariable initializalion 

3. do, until end a/list is reached (end a/word is reached) 

if word i contains digit 

assign )es ' 10 array 

i/nol 

assign 'no ) 10 array 

4. return the content a/the array to the callingfill1ction 

Figure 4.6 NUlIl eric character information ex tractor algo rithm 

The purpose of this algoritlU11 (Figure 4.6) is to provide the presence or absence of 

nu meric characters within the word. This info rmation is useful to di sambiguate words 

that have numeri c character(s). The function accepts li st of all words from contex t 

ext ractor algorithm. Then for each word in the li st it assigns 'yes' va lue to the array 

buffe r if the wo rd contains digit, otherwise ' no ' value is assigned to it. Fina ll y, it returns 

the content of the array to the call ing algorithm (Figure 4.4) and task is accompl ished. 
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4.6 TOOL SELECTION 

Different tool s are searched from literature and the internet. Whi le searching, some are 

found to be propri etary and are beyond the budget of the stud y. As a result only open 

source too ls are considered for compari son. 

Tanagra, Rapid miner, and Weka, data mining tool s are eva luated based on the task the 

tool is intended for; the algorithms it supports; the computer architecture and operati ng 

system which the so ftware runs on; the maximum number of records that the software 

can handle; famili arity o f the researcher with the too l and visuali zation capabilities. 

The Tanagra data mining too l, which runs on window operating system, is tested using 

the dataset prepared for thi s stud y. But it is unable to do computation due to the presence 

of lIlany di stinct attribute values in the dataset (e.g. in thi s dataset Target word attribute 

has 750 I di stinct va lues). Thi s is the bas ic issue for thi s dataset; hence it is not necessary 

to consider other parameters to compare it with other tools . That is, it is not considered 

for thi s stud y. 

The Rapid miner data mini ng tool is a pu re j ava environment like the Weka data mining 

too l for knowledge di scovery and runs in an y platforms. It has more data mi ning 

operators (more than 400 operators or al gorithms) , where machine learning library 

WEKA is ful ly integrated, and it needs more time to master and use it for thi s stud y. 

Moreover, I haven't seen any difference in the use o f deci sion tree classification 

algo rithm, which is the algo ri thms that is used for thi s stud y, between the Rapid miner 
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Moreover, I haven' t seen any difference in the use o f decision tree class ifi cation 

a lgorithm , which is the algorithms that is used for thi s study, between the Rapid miner 

and the Weka data mining tool. As a conseq uence the Weka data mini ng too l is selected 

and used for th is stud y. 

The Weka data mi ning too l cons ists of a co ll ecti on of machine learni ng algorithms for 

solving rea l-world data mining problems. It is written in Java, an object-oriented 

programming language that is freely avai lab le for all major computer platforms. It 

operates under Linux, Windows, and Macintosh operating systems [32] . .Java al so 

provides a uniform interface to man y di ffe rent lea rning algorithms, along wi th methods 

for pre- and post-processing and for evaluating the result of learni ng schemes on any 

given dataset. 

In addition to the Weka data minin g tool , python programming language is used for 

process ing the corpus so that it is ready for the tool whi ch is selected for thi s stud y. 

Pytho n is used due to its string manipulati on capability, the existence of man y built in 

functions and the familiarity of the researcher to the language. The tra ining and testing 

dataset is saved in a csv fil e fo rmat using M icrosoft excel. 

4. 7 EXPERIMENTATION PROCEDURE 

Not all the attributes that are used to model the language are equall y important. Some 

may result in no ise rather than giv ing useful information to the word to be tagged. Hence, 

to di ffe rentiate those attributes that contribute to goodness of split, di fferent experiments 

are done . Based on the result of the ex periment, on ly those attrib utes that provide useful 

information to the word to be tagged are considered iteratively. An experiment is also 

62 



conducted us ing att ri bute selection algorithm by in putting a ll the att ri butes and letting the 

a lgo rithm to se lect the best at tr ibutes. 

The experiment is conducted using two sets of attributes. These are: context attributes 

(CA) and other attributes (OA). The CA attri butes represent the left and ri ght 

neighboring tags and the OA attributes represent orthographi c and morpho logical 

information attrib utes. The CA attributes include: 

• left contex t attribu tes (LCA):Tag_5, Tag_4, Tag_3, Tagj, Tag- J 

• Ri ght context attributes (RCA): TagJ , Tag2, Tag3, Tag4, and TagS 

The OA attributes inc lude: Target word, Has numeric character?, First character, Last 

character, Beginning a/sentence?, Suffix, and Prefix attributes. 

In thi s stud y a total of six experiments are conducted. The fi rst experiment is conducted 

Lo determine the appropri ate split options using defaul t (of course the appro pri ate training 

and test options is determined using ex peri ment 2) test options: I O-fold cross validation 

and 66% sp lit test options. The 10-fo ld CV iterat ive ly partitio ns the data into two: 90% 

for mode l bu ilding and the remaining I 0% for va lidating. Then the classifi er is eva luated 

10 times and the average result is di splayed in to the output area. Similarly, the 66% test 

option uses 66% of the dataset (12958 instances) for model bui ld ing and the remaining 

34% (6676 inst ances) o f the dataset for testing the built model. 

Fo llow ing the fi rs t experiment, a compari son is made between the selected default test 

option and the other randomly chosen test options (70%, 75%, 80%, 85%, and 90% test 
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options). One test option is selected based on accu racy and used for the nex t success ive 

experiments to select the appropriate (best) attributes from others. 

Finally, using the selected attributes, sp lit and test options, two experiments are carried 

out to see the e ffect of min imum object and confidence factor on the accuracy of the 

mode l. 
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CHAPTER FIVE 

EXPERIMENTATION 

5.1 INTRODUCTION 

This chapter is mainly concerned with the experimental details and the analysis following 

the output of the experiment. The experiment is carried out using the weka 3-7-0 data 

mining tool as we discussed in sect ion 4.6. Weka package has a classifier sub package 

where decision tree classificat ion algori thm is one component of it. The next section 

highlights the weka classifier as it is the selected algorithm to conduct thi s experiment. 

5.2 WEKA CLASSIFIER 

The Decis ion Tree classification, which is a sub package of the Weka classifier, supports 

sixteen learning and testing algorithms: ADTree, BFTree, DecisionStamp, Jd3, J48, 

J48graji, LADTree, LMT, MSP, NBTree, RandomForest, Randoll/Tree, REP Tree, 

Simpiecast. and UserClassifler. However, not all of these algorithms could be used in the 

experiment; as a consequence, one algorithm is se lected and used to the problem ofPOS 

tagging based on the following criteria: 

• The accuracy of the algorithm 

• The time it takes to build the model 

• The size of the tree it generates 

• The capability ofthe algorithm to handle nominal attributes and 

• The maximum number of records that the algo rithm can handle 
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T he II DTree algo ri thm was not tried because the algorithm cannot handle non-binary 

class (the experimenta l data has nominal classes) . Simi larly, MSP cannot handle nomi nal 

class . Moreover, [03 al gorithm is not considered as there is a .J48 algo rithm, which is 

ex tension of 103 algoritlU11 , with more functi onali ty . To select one from the remaining 

thirteen a lgorithms, an experiment is done using small number of instances (3926 

instances)IO and keeping the other facto rs constant (default values). 

NO. Algo rithm Accuracy Time (in sec.) #of nodes 

I BFTree 6 1.06 % 2023 .92 "' JJ 

2 Decision Stump 50.87 % 0.05 NA 

3 .J48 78.43 IX. 2.84 31280 

4 LADTree 68.46 22 15.77 NA 

5 RandomTree 6 1.27 % 0.64 388390 

6 REP Tree 63.07 % 10.27 7747 

-f.lb lc :l.1 Comparison of Wcl\a 's lea riling and testing A lgOrithms 

Legend: 
NA - stands for not app licab le 

The a lgori thms FT, J48graji, LMT, NBTree, RandomForesl, S il17pieCart and 

UserC/assifier are not scalable; using thi s small amo unt of data (3926 instances), these 

algo rithms need more than 1408 Mb of main memory to do computation. As a result, a 

compari son is made only on the remaining six algorithms. We can observe from tabl e 

5. 1 that the J48 a lgorithm yie lds better accuracy (78.427%) than all the other algorithms. 

Moreover, the time taken to bui ld the mode l is acceptable (2 .84 sec). As a consequence, 

the .1 48 algori thms is selected and used for this study. 

10 T he need to use sma ller number of va lues is jusl 10 minimi ze the computation time for each algorith m 
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5.3 EXPERIMENTA T/ON DETAILS 

The experiment process starts by inputting the dataset using the Weka's preprocessing 

sub package. The sc reen shot of the Weka preprocess section is shown in Figure 5. 1 and 

the frequency and percentage of the tagsets observed in the sample corpus are represented 

in Table 5.2. 
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.Figure 5.1 Screen shot of the Wcka preprocess with opened dataset 
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We can see fi 'om Table 5.2, 6968 wo rds, wh ich account 35.5 % of the sample set, are 

tagged as noun «N» and only one wo rd (which is almost zero percent of the sample set) 

is tagged as nu meral attached with conjunction «NUMC» . Moreover, intelj ecti ons are 

not seen in the sample set at all. The reason is that their occurrence in the population is 

very small (only 3) and the probability to be selected in the sample corpus is almost zero. 
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NO. Tag Frequency Percentage 

1 <VREL> 716 0.0364673 53 
2 <NUMCR> 547 0.027859835 
3 <NP> 3258 0. 165936641 
4 <N> 6968 0.354894571 
5 <PUNC> 1386 0.07059183 
6 <CONJ> 142 0.007232352 
7 <NUM P> 230 0.0 117 14373 
8 <NUMOR> 35 0.001782622 
9 <PREP> 532 0.027095854 
10 <VPC> 94 0.0047876 13 
11 <VI'> 1466 0.074666395 
12 <V> 12 15 0.061882449 
\3 <ADJ> 910 0.046348 172 
14 <NC> 490 0.024956708 
15 <NPC> 2 15 0.0 10950392 
16 <VN> 5 11 0.02602628 1 
17 <PRON P> 168 0.008556586 
18 <AUX> 109 0.00555 1594 
19 <ADJI'> 252 0.0 12834878 
20 <ADV> 229 0.011663441 
2 1 <VC> 22 0.0011 20505 
22 <ADJPC> 16 0.0008149 \3 
23 <UNC> 14 0.000713049 
24 <PRON> 77 0.00392 1768 
25 <ADJ C> 14 0.0007 13049 
26 <PRONC> 6 0.000305592 
27 <PRONPC> 9 0.000458389 
28 <NUMPC> 2 0.000101864 
29 <NUMC> 1 5.0932 1 E-05 

sum 19634 1 
Tn bl e 5.2 Summ.l ry 01 blgscts observed 111 th e sample da taset 

After the data input and the entire necessary preprocess ing task is done, a total of 6 

experiments were ca rri ed out using the j48 algorithm as we described in section 4.7. 
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Moreover, the run parameters and the outputs of the respective experimen ts are presented 

in tab les (Tab le 5.3, Tab le 5.4, Tab le 5.5, Table 5.6, Table 5.7 and Tab le 5.8). 

Experiment J : To determine the appropriate sp lit option 

The 148 algorithm has two split opti ons for model build ing and testing: binary sp lit 

'Fa lse' (defau lt) and binary split 'True'. The 'True' option results in onl y two child 

nodes: one is if test node is equal to X and the other is if the test node is not eq ual to X, 

where X is one of the test node attrib ute val ues. While 'False' option produces more than 

or equal to two children [or every parent node (i.e. the parent node or the test node 

branches out to each of its poss ible val ues). For example, if the test attribute is TagJ with 

att ri bute va lues <N>, <AD.I>, and <V>, then TagJ branches out into th ree nodes: 

TagJ =<N>, Tagl=<ADJ> and TagJ =<V>. To decide the appropriate split option for this 

dataset, an experiment is conducted by varying the test option and keeping all other 

thi ngs constant (defau lt values). The output of the experiment is presented in Table 5.3. 

Run # of Attribut Test Option Binary Accuracy Time # of 

instances es used sp lit nodes 

I 19634 All (18) 66%sp lit Fa lse 81.6 1 % 9.47 41699 

2 " " 66% split True 83.73 % 490.78 1709 

3 " " I O-fold cross Fa lse 82.64 % 8.69 41699 

val idation 

(CV) 

4 " " 1 O-fold CV True 84.16 % 488.63 1709 

- -.. T'lblc :'!I .3 Ell cct ot split opllOns on performance ot the algori thm 
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Even though the ti me taken to build the model in 'False' split option is short (compare 

the time taken to build the model for 'True ' and 'False' option from table 5.3), it is less 

accurate as compared to the 'True' option. The reason for the decrease in accuracy for 

'False ' sp lit option is that, it is more complex than the 'True' sp lit options (24 ti mes more 

nodes than the 'True' test options) -this leads the problem of overfitting the training data. 

As a consequence only binary sp lit 'True' option is selected and consistently followed in 

the next successive experiments. Moreover, from the two default test options, the 10-fold 

cross validation test option results in better accuracy than the 66% test option. This is 

due to appropriateness of 10-fold cross val idation test option for small datasets to get 

more training set [40]. It spli ts the dataset into 10 (each partition has approximately equal 

number of instances) and at each iteration (there are a total of 10 iterations), the nine 

partitions are used fo r trai ning set and the remaining one partition for test set. Finally, the 

average accuracy rate of each runs is used as the overall performance of the algorithm. To 

check the fact that 10-fold cross validation is sui table for small dataset, experiment 2 is 

cond ucted and its result also confirmed this fact. 

Experiment 2: On different test options 

This experiment is conducted just to check the appropriateness of 10-fold CY test options 

with other test options (or va lidati ng the appropriateness of the 10-fo ld CY test option fo r 

small dataset) . The experiment is carried out using test options in 5 intervals starting 

from 70% to 90% and the 10-fold CV test option. In this context, X% of split denotes 

X% of the total dataset is used for J110del building and the remaining (l-X%) of the 

dataset for model testing. 
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Test 70(% 75(XI 800;., 85%) 90%) 10-1'0111 

option (eV) 

Accuracy 83 .99 °;', 83.88 % 83 .68 % 83.7 % 83.60 % 84.16 'X, 

Time 450.56 455.2 456.88 454.72 452.63 488.63 

Tree size 1709 1709 1709 1709 1709 1709 
.. 

Tab le 5.4 Summary of resu lts on different test optIOns 

The test res ults in table 5.4 shows tbat the 10-fold cross validation test option sti ll 

performs better (84. 16 %) than any other test options. Hence, for the next successive 

experim ents onl y the I O-fo ld cross va lidation test option is used consi stentl y. 

Experiment 3: to determine appropriate context attributes 

Tbe aim of thi s experiment is to determine the appropriate w indow size of ne ighboring 

contex ts (le ft ami righ t contex ts). The ex perirn ent is carri ed OLit by keep ing all other 

things constant l l (i. e. CF=0.25 (defau lt), Binary split= ' True' (which is determined in 

ex periment 1), Mi nObj =5 (the change from 2 to 5 is just to minimize the computation 

time)). 

The input attributes to the a lgo ri th m are onl y context attr ibutes . The context att ributes are 

partitioned in to three: LCA (fro l11 run I to run 5), RCA (from run 6 to 10), and a 

cOl11bination of left and ri ght contexts (from run II to run 19). 

II Constant in this context is lI sed to mea n ailihe values listed in the bracket are the same for all runs (frol11 
rtm 1 to run 19 in Table 5.5) 

71 



10-fold CV test results 
Run Context Accuracy Tillie #o{ 

(ill sec) /lodes 
I T I 'L 40.77 % 0.59 19 
2 T 2-T I 41.25 % 3.53 77 
2 T 3-T 2-T 1 41.52 0;', 15.09 211 
4 T 4-T 3-T 2-T I 41.45 % 3 1.1 6 451 
5 T 5-T 4-T 3-T 2-T I 40.82 % 64.89 663 

6 TI 4l.86 % 0.09 7 
7 Tl-T2 43.56% 1.55 33 
8 Tl-T2-TJ 44.02% 7.42 175 
9 T 1-T2-T3-T4 44.03 % 23.06 307 
10 Tl-T2-T3-T4-T5 43.36% 3 l.64 41 7 

I 1 T I-T I 45.2 % 5.3 117 
12 T 2-T I-T I 46.36 % 17.1 3 253 
13 T 2-T I-Tl-T2 47.13 'X, 32.1 7 511 
14 T 3-T 2-T I-Tl-T2 47.08% 53.45 70 1 
15 T 3-T 2-T 1-TI -T2-T3 46.72 % 85.38 1051 
16 T 4-T 3-T 2-T I -TI -T2-T3 46.52 % 10309 1129 
17 T 4-T 3-T 2-T I-T I-T2-T3-T4 46.37 % 139.55 1147 
18 T 5-T 4-T 3-T 2-T I-Tl -T2-T3-T4 45.8 1% 176.58 1403 
19 T 5-T 4-T 3-T 2-T 1-Tl -T2-T3-T4-T5 45.31 % 193.24 1277 

T:.lblc 5.S S Ulllmary ollelt and ri ght context experiments 

As we can see from table 5.5, a max imum accuracy of 47.13 % (run 13) is observed 

when a combination of two left and two ri ght contexts are used to di sambiguate the target 

wo rd . The reason for achieving only 47.13% accuracy is that, on ly context information 

(with out the target word) are used . The accuracy is even less than thi s, if on ly left or 

ri ght contexts are used to disambiguate the target word. This shows the need to include 

additional information like the ta rget word, and orthographic and morphologica l 

information to improve the accuracy of the algo rithm. As a consequence, the left and 

ri ght two contexts are se lected and used consistentl y in the next successive experiments. 

12 T_ I, T _2, . . " T4 , T5 represent Tag_ I, Tag_2. ... ) Tag4 , TagS respect ively just to save space. 
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Thc selected contex t attrib utes denoted by (SeA) include: Tagj, Tag_ I, Tag!, and 

Tag2. 

Experiment 4: deciding best combination of SeA and OA attributes 

Thi s experim ent is carri ed out to se lect best combination of the SeA and the OA 

attributes. The ex periment is conducted fi rst using the SeA and Target IIIord (at run I) as 

shown in tabl e 5.6. The result shows a better acc uracy (6 1.94 %) than using simply 

contex t att ributes in ex periment 3. T hat is, the presence of each words along wi th their 

contex ts provide better information to the prob lem of POS tagging than us ing only 

contex t attributes. 

There are two options to carry out ex periment us ing the se lected context attr ibutes and 

the OA to see the effect o f OA attributes on accu racy. The first opti on is by adding one 

attribute from the other attributes recursive ly with out rep lacement on se lected contex t 

attributes and observing their effect on accuracy. J f higher accuracy is registered with the 

add ition of featu res fro m OA then, the features/attri butes are considered to be impo rtant 

and those attributes that results in less acc uracy are considered as not important to be 

cons idered for furt her ex periment. The other alternati ve is reducing one attribute 

recursively from OA attr ibutes with replacement fro m a combi nation of se lected context 

attributes and OA attributes and observi ng their effect on accuracy. In thi s case, when the 

accu racy of the algorithm is lower than the accuracy reg istered using SeA and OA 

attribu tes w ith the reduction of one or more att ri bute(s) from OA, then the reduced 

attribute is said to be important and if the accuracy increases with the reducti on of one or 
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mo re allributes, then the reduced attribu te is sa id to be not important. For thi s experiment, 

simpl y the second option is appli ed. 

From run 2 to 10, different combinations of attributes are inputted and thei r 

correspond ing accuracy, time to build the mode l, and the size of the tree (# of nodes) are 

recorded using the same table. At run 2, SeA and al l the OA attributes includ ing the 

Target 1V0rd attribu te are used by the algorithm. From ru n 3 to 9 one attribute is redu ced 

from the OA attri butes recursive ly with replacement and keeping the SeA unchanged in 

all cases; At ru n 10 the SeA are removed ; and fi nally at run I I, all the 18 attributes are 

inputted to the algorithm and let the algori thm select relevant attribu tes. The Weka 's 

att ribu te selection algorithm, cfsSubsetEvaluatioll (default) with best first search, se lects 

fro m an input of 18 attributes on ly 6 attributes (Target_word, /-IasNumericCharacter?, 

Prefix, SIif.fiX, FirstCharacter and Word_class) (at run II ). But the accuracy of the 

classi fier obtained using these at tributes is substantia ll y lower as compared to the 

manuall y selected attribu tes and not used for further experiment. 

The result from table 5.6 shows that the reduction of Begillllillg of selltell ce? attri bute 

from a combinati on of the SeA and the OA attri bute sets results in a better accuracy 

(83.89 %, run 4) than in any other combi nati ons. It a lso produces minimuI11 number of 

nodes except from the attributes used in run 2, 8, 10 and 11. The time taken to build the 

model is a lso acceptab le as compared with other runs. This phenomena show that the 

add iti on of Begillllillg of selltell ce? attribute in the attribute sets doesn't prov ide useful 

info rmation. As a result it has to be removed form the attri bute sets and the rest attributes 
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are used for the next two experiments to see the effect of minimum number of objects and 

confidence facto r on accu racy, size of the tree and the time taken to bui ld the mode l. 

lO-fold CV test results 

Run Attributes used AcclI/'{/cy Tillle(sec) #of 
/lodes 

I SCA + Target wo rd 6 1.94% 834.99 823 

2 SCA + OA 83.85 % 37.1 I 625 

3 Has numeri c character? removed 83.23% 45.36 65 1 

4 Beginning of sentence? removed 83.89% 35.58 645 

5 Prefix remo ved 82.02 % 26.75 737 

6 Suffix remo ved 82 .75 % 27.5 673 

7 First character removed 82.83% 56.42 653 

8 Last character removed 83.52 % 42.88 555 

9 Target word removed 79.53% 10.08 67 1 

to SeA removed 83.32 % 34.14 515 

II Using the algori thm to select 82.23 % 34. 11 405 

attri butes(l6 inputted and 6 used) 

Table 5.6 Summary of SA and OA experiments 

Experiment 5: Effect of confidence factor on accuracy 

Experiment 5 is carried out to identify the effect o f confidence factor on the result of the 

algorithm . Confidence factors are used for tree pruning to get optimal tree to the dataset 

[40]. Genera ll y, lower values fo r confidence factor incur more pruning and higher 

confidence factor va lue produce com plex tree size. Over pruning (over simplified tree) 

are more general and may not be able to handle some of the cases- which may results in 

lower accuracy. On the other hand unpruned (or complex trees) can hand le most of the 

cases in the training set but its performance on the new test set is low as described in 

section 2.4.4. As a consequence, experi ment has to be done to determine the appropri ate 

confidence factor whi ch is suitab le for thi s dataset. The experiment is conducted by 

keeping a ll other factors constant (same as to experiment 3) and varying the value of the 
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con fide nce factor. The output of each ru n for confidence factors: 0.05 , 0. 1, 0. 15, 0.5, 

0.25, 0.3, 0.35, and 0.4 are shown in table 5.7. 

] O-fold CV test res ul ts 

Run Co nfidence fa ctor(CF) Accuracy Tilll e(sec) #ofllodes 

I 0.05 84.5 % 338 .98 11 13 

2 0. 1 84.73 % 328. 16 1269 

3 0. 15 84.86 % 329.52 1303 

4 0.2 84.9 'Yo 387.31 1375 

5 0.25 84.81 % 375. 14 147 1 

6 0. 3 84.64% 4 12.89 1635 

7 0.35 84.59 % 483 .81 1843 

8 0.4 84 .5 % 495.47 192 1 

"' - , . I able ';:).7 Elt cd of confidence tactor 011 accun lcy and tree Size 

Better accuracy for thi s dataset is observed at run 4 when the va lue of CF is 0 .2. When 

the value of the CF is sma ll er than 0.2, the algorithm builds model in a shorter time with 

sma ll er nodes but the accuracy on the test set is low. On the other end, when the value of 

the CF is greater than 0.2, the perfo rm ance of the algori thm is poor in all factors. Hence, 

a 0.2 CF va lue is fi xed and experiment 6 is conducted by varying the number o f 

minim um obj ects denoted by (MinOb). 

Experiment 6: E ffect of MinOb on accuracy 

This experiment tr ies to see the effect of the min imum number o f instances for a leaf 

node to be considered for spli tti ng. Leaf nodes that has greater than or equa l number of 

instances to the given minimum number are subj ect to split in to two child nodes and it 
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becomes an internal node (o r parent node). Nine runs are made by varying the va lue of 

MinOb and the res ults are di splayed in table 5.8. 

IO-fold CV test resu lts 

Run MinOb Accuracy Tillie ill. (sec) #of lea ves #ofllodes 

1 2 84.9 "/., 387.31 688 1375 

2 3 84. 5 % 122.3 433 865 

3 4 84.24 % 69.49 36 1 721 

4 5 83.9 1 % 30.1 9 289 577 

5 6 83 .72 % 28 .64 253 505 

6 7 83.48 % 31.75 226 451 

7 8 83.22 % 20.78 2 18 435 

8 9 82.9 % 17. 14 198 395 

9 ]0 82.6% 14.19 187 373 
.. 

rable 5.8 summary of effect of I11IIl1I11UIll object on accunlcy 

The res ults in table 5. 8 show a contradiction on accuracy and size of tree. Small M inOb 

va lue results in compl ex tree size bu t hi gher accuracy. The reason for th is dil emma is the 

dependency 0 f ru les on the size o f the tree in general and the number 0 f lea f nodes in the 

tree in particul ar. For each leaf node, a rul e is formed by ANDing the values of al l 

intern al test nodes unti l a leaf node is reached. CO l1lplex tree m eans many rules are 

generated fro l1l the training set and it hand le cases whi ch are less frequent. On the 

contrary, littl e number o f rul es is generated fo r small er tree size and it is more general 

and is inadequate to c lassify infrequ ent cases in the test set. 

On the other hand , 11l0 re cOl1lplex trees are di ffic ult for searching and the search 

algorithm will be trapped at local maxima and cou ldn ' t reach a g lobal maxil1la. Hence, a 

cOl1l promise has to be l1lade between accuracy and size of the tree. For thi s case, a va lue 

2 is se lected for MinOb as the accuracy is better than the other Mi nOb va lues (of course 
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with maxim um tree size). But the tree size is not much complex for POS tagging 

c lass i ficat ion problems as it requires fro m few hundreds to thousands of expert developed 

rul es fo r other la nguage as we di scussed in section 1.1. For thi s ex periment, the algo rithm 

leams and builds 688 rul es (i.e. one ru le per leaf node) and achi eved an accuracy of 

84.9'X, as shown in Figure 5.2. 

The accuracy achi eved in thi s stud y is lower as compared to the previous works­

Yenewondim (93 .88%) and Mes fin (90%). The reason for thi s variation can be 

catego ri zed in to two: the source of the dataset and the number of tag sets used. 

The source of the dataset used for thi s stud y is news documents, which is different from 

the prev ious researchers (who used sample sentences from a single book) . The document 

used for this stud y is deve loped by different authors (edi tors), i.e. writer independent, 

while the prev ious researchers used a book written by a single author. A dataset used for 

training and testi ng from a single author gives better accuracy than fro m mu ltip le authors. 

The reason for thi s fact is that, if model is built and tested using sources from a single 

w ri ter document, the poss ibility of un known wo rds in the test set is less as the wri ter 

follo ws consistent writing for same wo rds that appear in different sentences. On the other 

hand, if the source is from mUltiple authors, then the probability of unknown words in the 

test set is high as d ifferent authors use different writings for the same word or concept; 

for exampl e, rsememhr vs . dayrEkler for ' Director' , eyrop/al/ vs. cwroplan for 'Plane', mekin(l 

vs. kall1iwolI,jor 'car' etc. 
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The other possib le reason is, the num ber of tagsets used fo r thi s study (30 tagsets) which 

is higher than the tagset used by the previous researchers (both used less than 30 tagsets). 

The di ffe rence in number of tagsets usage has its own impact 011 accuracy. More number 

of tagsets means more number of class attribute values . That is, classifying each instance 

in the training set in to these (30) class values has its own impact on the resulting 

accuracy than classifying the same instance in to a lesser class attribute va lues . 
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Figure 5.2 The Screcnshot of the J48 Classifier 
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Thi s stud y tries to identify the features that are important to tag Amharic texts. In thi s 

work, a combination of contextual, morphological and orthographic information-with 

lingu isti c analysis is used to tag Amhari c texts which make it unique from the prev ious 

approaches of Mesfi n [26] and Yenewondim [42], who used on Iy lex ical and contex tual 

in fo rmati on . Experimental resu lts show that, lex ical information is the most useful 
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in fo rmation to tag Amhari c text (run 9 fro m experiment 4) , fo llowed by the pre fi x, suffix 

and context in format ion. Moreover, the wi ndow size of the contex t attri butes is fi xed 

experimenta ll y (two left and two ri ght contex ts) unlike other approaches that use ei ther 

un igram, bigram, or trigram approaches that cons iders onl y the tag of the n-previous 

wo rds tag. The 1110delused for thi s study is also fl ex ible to add important features at any 

time w ith lingui sti c analysis. 

The main contribution of thi s study is the identifi cation of some of the important features 

to tag Amharic texts-le ft and ri ght contexts, pre fix , suffix, the first one character, the last 

one character, ex istence of digits with in the wo rd , and the wo rd itself experimentall y. As 

a consequence, th is study can be taken as the starting point to model the language with 

more lingui stic analys is in order to increase the accuracy ofthe algori tlull. 

Apart from its advantage in the identifi cati on of contri buting features to the problem of 

POS taggi ng for this study, dec ision tree algori tlUll has constrain ts related to memory, 

which was the main challenge during experimentation. For example, for the dataset 

amounts to 9634 words or instances, it consumes 1280 MB o f main memory to train and 

test the system. 
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CHAPTER SIX 

CONCLUSION AND RECOMMENDATION 

6.1 CONCLUSION 

Availability of large sets of tagged corpora is essential in many nat ural language 

process ing applications like: information retrieva l, stemming, speech synthes is, machine 

trans lati on, inforlllation retrieva l and so on. For other languages like Engli sh, German, 

Spanish, etc there are large tagged corpora for experimental purpose. But researchers in 

Ethiopian languages, except the corpora developed by ELRC fo r Amhari c, suffe r a lot 

due to lack of suffic ient tagged co rpora . There are some attempts to POS tagging for 

Amharic . B ut we can say that a ll o f them are for academ ic exercises and, as to the 

researcher knowledge, no ne of them are imp lemented to tag Amhari c documents. 

Thi s stud y exp lores the application of decision tree for POS tagging for Amharic. 

The experiment shows that neighboring contexts beyond two (Tag_2, Tag_i, Tagi, 

Tag2) are useless. Saying it differently, the most useful contex t inforlllation to the 

problem of POS tagging using decision tree for Amharic is the two left contexts and the 

right two contex ts in cOlllbinat ion which is identi ca l with the finding by Marquez and 

Rodri guez [23] for Spani sh. 

The other illlportant thing is that, using only the frequency of the target word with its 

ne ighboring contex ts are not su fficient for POS tagging especial ly for lllorpho logical ly 

rich languages like Amharic (run I in Table 5.6). Orthographic information like the 
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prefix and the suffix of the word , the first and last two characters of the target word, and 

the existence of numeral characters in the target word increase the accuracy of the built 

model. The accuracy achieved using 10-fold cross validation on 19634 instances (words) 

is 84.9 'Yo , which is promi sing but needs further improvement using additional parameters 

li ke the stem of the word, is the word a multi-word (compound word) or not, the infi x 

information ofthe word. 

6.2 RECOMMENDA nON 

The presence of tagged Amharic corpus by ELRC reduced the extra resources (time, 

many, labor, etc) needed for tagging (dataset preparation) for NLP in general and for POS 

tagging in particular for Amharic. But from thorough inspection, the corpus has 

inconsistencies in relation to tag assignment to compound words. In some cases 

compo lind words received one tag; while in other cases they are tagged separately. 

Moreover, the corpus is not balanced. For example currency exchange news item is 

observed frequently whi le other many news items are seen onl y once. Reviewing the 

corpus will smooth such types of inconsistencies that are found in it. On the other hand , 

the corpus is not representati ve as it is developed only from one source -news documents 

that cover the Ethiopian year 1994 (200 1-2002 in Gregorian year). Sources from religious 

(books , periodicals), education (science, soc ial science), General fi ctions (novel, short 

stories), and so on should be incorporated in the corpus in proportional quantity to make 

it a more representative of the language. 

The presence of standard prefix and suffix list is important for lllany NLP tasks like POS 

tagging, information retrieva l, morphologica l analyzer, etc. In other well stud ied 
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languages li ke Engli sh thi s is not a problem for researchers in the fie ld of NLP. But the 

same is not true for Amhari c. Researchers in the Amharic language developed and used 

prefi x and suffix li st onl y for their need-which results dupli cate o f efforts. As a 

consequence, deve loping prefi x and suffix li st to Amhari c and other Ethiopian languages 

sol ve the problem. 

POS tagging is still an acti ve research area even for well studied languages li ke Engli sh, 

French, Germ an, etc. The reason is that it is one o f the basic components of other higher 

leve l NLP applicati ons. As a consequence small errors in the tagging system propagate 

and degrade the accuracy of the hi gher level applications. To the best of my knowledge, 

there is no practi cal POS tagger developed for Amharic. All the attempts are fo r 

academic exercise and are not implemented fo r practi cal appli cati ons. As a consequence, 

there is a room for other researcher on the fi eld of POS tagging fo r Amharic. The 

fo llowing are suggested as possible research areas: 

1. POS tagging problem can also be so lved using different ambigui ty level s (classes). 

All words in the corpus can be grouped in to di ffe rent ambiguity c lasses based on the 

set of their possible tags (noun-verb, noun-adj ecti ve, noun-verb-adjective, and so on 

ambi guity c lasses) . Developing POS tagger fo r Amhari c based on ambiguity class 

level is also another research area. 

2. Investi gate the potenti al o f hybrid approaches for Amharic POS tagging. For 

example, Transformation based POS tagging using constraint rul es combi nes 

stati stical and rul e based POS tagging and it is appli ed fo r Engl ish language. 

83 



Developing a hybrid POS tagger fo r Amharic and other Ethiopian languages IS 

another potential researchab le area in the fi eld ofNLP, 

3, Compare and contrast the different approaches, e.g, HMM, decis ion tree, multi-layer 

perceptron, etc, for Amharic POS tagging and other local languages usi ng the same 

corpus, 
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APP E.'D1X A: Th e Amh ari c alph abet (' fidel' ) adopted fro lll Y;u.:o h I-' I! and D:Hrkins 111 1 

Ordinary char<l cters Diphthol1!.! {'die ala') characters 
1 II II' 'I, '/ '/. Ii II' 

he hu hi ha hE h ho 
2 1\ 1\, 1\, ~ 1\, t.\ n" ~, 

Ie lu Ii la IE I 10 IWa 
3 ,I, f/l' t il. .1, ,f" ;11 ,I. ,b. 

He Hu Hi Ha HE H Ho HWa 
4 O il an· " 'I. III/ (IOl I)" f/II {~~ 

me mu mi ma mE m mo mWa 
5 '" fl-' . "I, "/ Pi. /" Y' '~/. 

se su si sa sE s so sWa 
6 I. .; , t (., (., e (:' ;:: 

re ru ri ra rE r ro rWa 
7 n I)' I), ,) ('I, I) 1\ !), 

se su si sa sE s so sWa 
8 ;1 i'i, ('I, i)' il. 'Ii (',' !f 

xe xu xi xa xE x xo xWa 
9 ,I' ,I: ,I: ,I ' 'I: ..,. ,I' 'I:. "" , ~/: :1: ",-, 

qe qu qi qa qE q qo qWe qWu qWa qWE qWi 
10 (I (I, II. q II. 'II fl !I, 

be bu bi ba bE b bo bWa 
11 ( j ", II, il il: :11' f' t( 

ve vu vi va vE v vo vWa 
12 ,/, ,I, 'I; ;J' 'I: :/, ,/', :/: 

te lu Ii la tE t to tWa 
13 'I: 'I: 'I: ,,: 'I: ':{, Y '1; 

ce cu ci ca cE c co cWa 
14 ' i ",. . ,1. ;', 'i. " 1 ' f," ",,, "/". ;~. :~ . "'" ' he ' hu ' hi ' ha ' hE h 'ho hWe hWu hWa hWE hWi 
15 " 'I ' '" 

e-• [, ' ~. '" • " ,', 
ne nu ni na nE n no nWa 

16 y ";. ',: i;: 'J': : ~ i":' , ~;: 

Ne Nu Ni Na NE N No NWa 
17 ~, ~" ~" >, it. /, {. 

e u i a E I 0 

18 II II, II. I, Ii, t! I' it" II', ~ .. , lJ. hi, 

ke ku ki ka kE k ko kWe kWi kWa kWE kWu 
19 'Ii 'Ii, 'Ii, ')i , 'Ii , " i 'I', )~ 

' ke 'ku 'ki 'ka 'kE 'k 'ko ea 
20 (/' (I) , fe 

'" 
el! (/I ' 

, 
9' 

we wu wi wa wE w wo 
21 (l (l, 0 

" '! " " iJ i' 
e u i a E 'I 0 

22 /I II- /I, " /I , '/I I' II, 

ze zu zi za zE z zo zWa 
23 '''' 'II' 'II: " f' ' II: 'fr 'II' '1.( 

Ze Zu Zi Za ZE - Zo ZWa L 

<)0 



24 I' I~ {{. .!' f~. (' . , I"~ 

ve VU Vi va vE y yo 
25 f . . ' .,. " . '. " ., Y .. .l~· ? .t: .. 

de du di da dE d do dWa 
26 :e: :~: '0' ~. :~'. :~: ;(>: :~;: . ". 

je ju i ja jE j jo jWa 
27 . / '/. '/. :J '/. .,/ .) ' /'" '/' 'I'· ' \ '/ . 

ge gu gi ga gE 9 go gWe gWu gWi gWa gWE 
28 til Ill' fIl , "I m. 'I' t" ' !J. 

Te Tu Ti Ta TE T To TWa 
29 (. /,1, (. /.1 : r.1.\ ("'I. (.I ~ : · ,.", . (,"" (.I:J, 

Ce Cu Ci Ca CE C Co CWa 
30 p, 1\. iI. ~ iI. Pe P-

Pe Pu Pi Pa PE P Po 
31 ;\ jI,. ?. ~ X. X' J< g. 

Se Su Si Sa SE S So SWa 
32 u (I. 'I. '/ 'l, ,) J' 

'Se 'Su 'Si 'Sa 'SE 'S 'So 
33 b. 1· /.. 1· /. .. <. ,. I" ' . :r: 

fe fu fi fa IE I 10 IWa 
34 .,. 'F "I." :r .,.. T ;1" :L' 

pe pu pi pa pE p po pWa 

, 
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AI'I'ENOIX B: Tagset used by ELRC annotation team 

Basic class Definition of the tag Code of 
the tag 

Verbal! infmit iva l Noun, fOfmed from any verb fo rm such as active, VN 
pass ive, and repetitive, by attaching the pre fix 
l11(a)-
Any noun inc luding verba l noull attached wi th a preposition N I' 

NOll ll A ny nou n inc luding verba l noun attached with conj unction NC 

Any noun including verba l noun with a procli tic preposition and an N PC 
encl itic conjunction 
Any other noun; s imple or derived N 

P ronoun attached wi th preposit ion PRONP 
Pronoun attached with conjunction pRONC 

Pronoun Pronoun with a praclitic preposi tion ancl an enclit ic conj unction PRON pC 

Any other Pronoun PRON 

Aux iliary verb AUX 
Re lati ve verb VREL 
Any Verb including rela ti ve verbs and auxiliaries attached with VI' 
preposition 
Any Verb inc luding relative ve rbs and auxiliari es attached with VC 

Verb con junction 
Any Verb inc luding relati ve verbs and auxiliaries with a proclit ic VPC 
preposition and an encl itic con jullction 
Verb (a ll other) Adjective attached wi th preposition V 

Ad jective attached with preposition ADJP 
Adj ec ti ve Adiective attached with conjunctions ADJC 

Adjective with a proclitic preposit ion and an enclitic conjunction ADJPC 

A ny other Adjective AD] 

Preposi lion Preposition PREP 

Con junction Conjunction CON] 

Adverb Adverb ADV 

Cardinal NUMCR 
Ordinal NUMOR 

Numera l Numeral (cardinal o r o rdinal) attached with prep~s itiol1 NUMP 

Numeral (cardinal o r o rdinal) attached with conjunction NUMC 
Numeral (cardinal o r ordinal) with a proc litic preposition and an NUMpC 

enc lit ic conjunction 

lnler jection In teri ections INT 

Punctua tion Punctuation pUNC 

Unclass ified Unc lass ifi ed UNC 

Total 30 tags 
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AP PENDIX C: Sa mp le rule produced by J 48 classifier 

=== Run information =:::== 

Scheme: weka.classifiers.tTees.J48 -C 0.2 -B -M 2 -A 
Re lati on: Scontext_ with.PuncTag2-weka. fi lters.unsupervi sed.attribute.Remove-R 1-3 ,8, IS- I 7 
Instances: 19634 
Attributes: I I 

Tag_2 
Tag_ I 
Target word 
Has numeri c character? 
Prefix 
Suffix 
First character 
Last character 
Tagl 
Tag2 
Word class 

Test mode: 10-fo ld cross-val idation 
=== Classi fier model (full training set) === 
J48 pruned tree 

.Pre fix = N.P 
I Tag I = NA: <PUNC> (792.0) 
I Tag l != NA 
I I Has numeri c character? = no 
I I I Tag2=NA 
I I I I First character = NFC 
I I I I I Tag_ I = <AUX>: <PUNC> (2.0/ 1.0) 
I I I I I Tag_ I != <AUX>: <AUX> (66.0/5.0) 
I I I I First character != NFC 
I I I I I Target word = nacew <AUX> (10.012.0) 
I I I I I Target word != nacew: <V> (70 1.0/6.0) 
I I I Tag2 1= NA 
I I I I Targetword =, : <PUNC> (373 .41 ) 
I I I I Target word != , 
I I I I Target word =; : <PUNC> (137.S2) 
I I I I Target word != ; 
I I I I I Last character = na 

I I I I I 
I I I I I 
I I I I I 
I I I I I 
I I I I I 
I I I I I 
I I I I I 
I I I I I 
I I I I I 
I I I I I 
I I I I I 
I I I I I 

Target word = wana: <AD.! > (24.0/ 1.0) 
Target word ,= walla 
I Target word = yhunna: <VC> (4.0/ 1.0) 
I Target word ,= yhunna 
I I Suffix = awina: <ADJC> (10.013.0) 
I I Suffi x!= awina 
I I I Su ffix = NS 
I I I I Target word = wanawalla: <ADJ> (2.0) 
I I I I Target word != wanawana 
I I I I I Target word = Inclegena: <AD V> (3.0) 
I I I I I Target word ,= lndegena 
I I I I I I Target word = amlla: <ADV> (S.011.0) 

; 
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I I I I I I I I I I I I Target word != umna 
I I I I I I I I I I I I I First character = be: <NC> (3.01l.0) 
I I I I I I I I I I I I I First character!= be: <N> (1 OS.01l7.0) 
I I I I I I I I I Suffix !~ NS 
I I I I I I I I I I Ta rget word ~ medebeNana: <NP> (2.011.0) 
I I I I I I I I I I Target word ! ~ medebeNana 
I I I I I I I I I I I First character = ye: <VPC> (2.01l .0) 
I I I I I I I I I I I First character != ye 
I I I I I I I I I I I I First characte r· ~ be: < NPC> (S.0/4.0) 
I I I I I I I I I I I I Fi rst character r~be: <NC> (42S.0/3 5.0) 
I I I I I Last character != na 
I I I I I I Target word = Ina: <CONI> (88 .3512.35) 

I 
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