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Abstract: 

The aim of this research is to develop part-of-speech tagger for Wolaita Language using transformation based learning approach. Part 
of speech tagger is one of the subtasks in natural language processing (NLP) applications. It is a process of labeling a corresponding 
PoS tag for a word that defines how the word is used in a sentence. The parts-of-speech (PoS) tagging for Wolaita language is not 
sufficient yet to be used as one important component in other natural language processing (NLP) applications.  In this research, the 
development of part of speech tagger using transformation based learning approach that was conducted for Wolaita language. TBL is 
a rule based model that tag the words based on rules; it learns rule directly from the training corpus without expert knowledge. For 
implementation and experiment, the author used python programming and NLTK. For training and testing the model, 14,358 
untagged Wolaita language words are collected from three different categories. For tagging purpose 26 PoS tag are identified based 
on the work of Berhanu H., work of wakasa (2008) and with help of language experts. From the entire corpus, 90% is used for 
training and the remaining 10% is used for testing purpose. The performance of the tagger, are tested by using different portion 
training dataset using percentage split method. After experiment the researcher found that the performance of TBL taggershows 
92.96%. Therefore, TBL approach showed the better performance to assigning PoS tag for Wolaita language sentences. 
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1. INTRODUCTION 

 
Natural language processing (NLP) is the ability of computer 
program to understand human language as it is spoken or written. 
It is the component of artificial intelligence (AI), which is 
automatic manipulation of natural language, like speech and text 
by computer software. Natural language can be applied to any 
language that human beings use to communicate with each 
other[1]. NLP has many application areas. Some of these are 
text-to-speech and speech recognition, natural language dialogue 
interfaces to databases, information retrieval, information 
extraction, document classification, document image analysis, 
automatic summarization, spelling and grammar checking, 
machine translation, Part of Speech (PoS) tagging, plagiarism 
detection, stemming and others[2]. In this research the focus is 
on part-of-speech tagging for Wolaitalanguage. Advanced 
natural language processing application requires part of speech 
tagging as preprocessing since identifying the part of speech or 
word class of a token is very important to determine its 
morphology, pronunciation and even semantics. Part of speech 
tagging is the ground level step of the advanced NLP application 
like text to speech, information retrieval, information extraction, 
parsing, machine translation and other NLP application. 
Therefore, part of speech tagging is very important for NLP 
application, especially for languages that are under resourced. 
Similarly, for Wolaita language, to develop other high level NLP 
applications, part of speech tagging is one of the fundamental 
NLP tasks that need to be accomplished. Wolaita language is one 
of the Northern Omotic languages that is spoken in the Wolaita 
Zone and some other parts of the Southern Nations, 
Nationalities, and People's Region of Ethiopia. It is also spoken 

in different cities of the country by the people from Wolaita and 
neighborhood Zones. The language has around 3.3 million native 
and dialective speakers[3]. However, computer applications that 
help to use the language in a more advanced way like text 
summarization, information retrieval and extraction, parsing and 
machine translation[2] are not available for this language. Works 
in natural language processing also showed that these high-level 
applications require low level language processing systems like 
part of speech tagging. The aim of this study, therefore, is to put 
an effort in preparing the groundwork in advance as part of 
speech tagging that enable to the next phase of natural language 
processing application developments. In Ethiopia, there are more 
than 80 different languages and among these languages, only 
four languages currently working with technological center 
especially in the telecom communication system. So, this study 
tries to contribute to the advancement to overcome the problems 
mentioned above. To use computers for understanding and 
manipulation of Wolaita language, there are few works 
conducted in this language. These tries include text-to-speech 
system for wolaita language[4], speaker dependent speech 
recognition for wolaita Language[5], development stemming 
algorithm for Wolaita language[6]. and development of longest-
match based stemmer for texts of Wolaita language[3].. There 
are also other related researches that were conducted on other 
local language. Especially on Amharic language, some 
researches were conducted on PoS tagging by[7]  and[8], but in 
the Wolaita language there is a beginning work with small 
corpus in PoS tagging research developed[9]. Hence, it is the aim 
of this study to develop automatic PoS tagger for Wolaita 
language to establish the base for future researchers who will 
have interest in the area of machine translation, information 
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retrieval, text summarizationas well as other NLP research for 
Wolaita language. 

 

2. RELATED WORK 

 

Towards Improving Brill’s Tagger Lexical &Transformation 

Rule for Afaan Oromo Language 

 The aim of research attempt in [10] is to improve Brill’s tagger  
and transformation rule for Afaan Oromo tagging with 
sufficiently large training corpus. The researcher identified and 
used 26 broad tag set and 1100 sentences (17,473 words) 
containing 6750 distinct words were tagged for training and 
testing purpose. Transformation based error driven learning are 
adapted for Afaan Oromo PoS tagger. The author used tenfold 
cross validation mechanism for testing the performance of tagger 
and compared with previously adapted brill’s tagger, the 
previously adapted brill’s tagger shows an accuracy of 80.08% 
whereas the improved brill’s tagger result shows an accuracy of 
95.6% which has an improvement of 15%.  
 

Part-of-Speech Tagging For Afaan Oromo Language Using 

Transformational Error Driven Learning (Tel) Approach 

The research work in[11] reported that the researcher develop 
part-of-speech tagger for Afaan Oromo using Transformational 
Error driven Learning (TEL) approach and compare it with other 
approach.  The author used and identified 18 tag sets and used on 
223 sentences (1708 words) for the experiment. The result found 
in the experiment is relatively good, 80.08% of the total word are 
correctly tagged. The result showed that Brill tagger was found 
to be better for Afaan Oromo than Hidden Markov Model. 
 

Transformation-Based Part-of-Speech Tagging for Serbian 

language 

The authors developed automatic part of speech tagger for 
Serbian language using transformation based learning in the 
paper[12.The work described in this paper represents one of the 
first attempts at creating a completely automatic PoS tagger      
for Serbian language. The algorithm includes a language 
independent modification of the existing transformational-based 
approach so as to make it more convenient for languages with 

morphologically rich structure, particularly highly inflected 
languages. The researchers combined TBL tagging  with stoch 
astic tagging methods such as hidden Markov models (HMM),  
HMM tagger as the initial tagger for TBL instead of assigning 
initial tags according to the relative frequency of tags in the 
training corpus and  improved tagging accuracy and overcoming 
problems related to data sparsity for highly inflected languages. 
 

Kadazan Part of Speech Tagging using Transformation-

Based Approach 

The research work in[13] researchers implemented  the Part of 
Speech (PoS) Tagger for Kadazan language using Transform 
ation-based approach and it also to solve the disambiguation 
problem in that language and at the same time to use it as a 
learning language tool. Authors used and implemented  
transformation based learning approach because it can achieve 
higher accuracy equivalent to other tagging approaches such as 
statistical and the original rule-based techniques and as well as 
having a significant advantages over the other tagging 
approaches. The researchers trained the tagger using two 
Kadazan corpuses which contain 741 words and 1328 words. 
Based on the evaluation results, the tagging model can achieve 
around 92 % to 93 % of accuracy. By comparing corpus1 and 
corpus2 results for corpus1 obtained higher accuracy than 
corpus2. They concluded that tagging result for Kadazan 
language achieved high accuracy by using Brill’s approach. 
 

3. TAGS AND TAG SET OF WOLAITA LANGUAGE 

  
This section describe and identify the tags and tagsets used for 
the development of this study. Tag is a string used as a label in 
part of speech tagging. Tagset is a set of labeling string or 
collection of label that are identified and used for developing 
PoS of the study. In Wolaita language there is no readily 
accessible tag sets. The tag sets for the study are identified and 
developed in this section. Identifying and developing detail of 
tag set requires human experts and is time consuming. Hence, for 
this study, different category of tagset is identified based on 
basic word class of Wolaita language.   
  

 
Table.1. Tagsets of Wolaita Language 

No Basic 

class 

Derive

d class 

Description  Examples 

1 Noun NN All common and proper 
nouns singular and plural  tag 

Tophphee/NN gittabiitta/NN /Ethiopia is a great 

country/ 
2 NP Noun not separated form 

preposition  tag 
Wolaitti Qolichchayo/ NP yeletabiitta /Wolaita is 

a birthplace for kolicha/ 
3 NC Noun not separated form 

conjunction   tag 
Alemayoynne/NC kabadizinoyidosona. 

/Alemayehuand kebede came yesterday/. 

4 NV Noun with verbal ending Hena’aylo’iyagaa/NV. /That boy is handsome/. 

5 Pronoun  PC Pronoun with conjunction  Taaninne/PC ta’ishayissippe boos. /Me and my 

brother go together/. 

6 PPRP Pronoun with preposition 
tags  

Nuupekka/PPRP nuyo/PPRP xoossilo’’o. /God is 

good to us from us/. 
7 WHP All Interrogative pronoun 

tags  
Awuge/WHP ne keehippedosiyoqumay? /Which 

one is your favorite food? / 
8 PP All personal pronoun  Nussi/PP xoossaylo’’o. /God is good for us/. 
9 Verb VV All main verb tags  Nenniminnaoottikko lo‟‟osagakkanna/VV. /If 

you work hard, you will reach good place. / 
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10 VI All infinite verb tags  Ha oogiyaakantanawu/VI metees.  
11 

 

VC All subordinate verb 
including conjunctions and 
preposition tags  

A tamaaradanne/VC eradadiccasu. – /She 

was grown by education and understanding/. 

12 VR All relative verb tags Taanishammido/VR kettaylo’’ii? - /Is it good the 

house that I bought?/ 
13 Adverb ADV All adverb tags Abarieesuwan/ADV yiis. – /Abera came quickly./ 
14 ADVC Adverb with conjunction or 

preposition 
Sa’ayzinonne/ADVC hachchi/ADV lo’o. – 

/Yesterday and today the condition is good./    

15 Adjective 
 
 
 
 

ADJ All adjective tags  Kareetta/ADJ godariyaa –/black hyena / 

16 

 

 

 

 

ADJC 
 
 

Adjective with conjunction or 
preposition tags  

 
Adussappe/ADJC qanita/ADJ ekka. -/from long 

take short 
 

17 Numerals  AJN All cardinal numeral tags  hezzu/AJN laytta- /three years/ 
18 ON All ordinal numeral tags Oyidantta/ON- /fourth/ 
19 CNN Cardinal with conjunction 

tags 
Issuwapenne/CNN naa’appe/CNN gidduwan- 

/between one and two/ 
20 Prepositi

on  
PRP All preposition tags Qolichchitappekasse/PRP woykko/CJ 

tappesimmin/PRP yiis – /Qolcha come before or 

after me./ 
21 PRPC Preposition with conjunction 

tags 
Tappesimmininne/PRPC tappekasse- / before and 

after me 
22 Conjunct

ion  
CJ All conjunction tags  Abebe ta lagiyaawoykko/CJ tayishagiddena. -/ 

Abebe is not my friend or my brother./ 
23 Interjection  INT All interjection tags Paa!/INT ayibalo’’I - /wow! its good/ 

24 Determin
ant  

DD All determinant tag Ha/DD bitannezinode‟es- /This man was attended 
yesterday./ 

25 DPRP Determinant with preposition 
tag  

Happenneyappeawugeelo’o?- / Which is Good 

from this and that / 
26 Punctuation  

 
PUN All punctuation tag  ?, . , ! 

 
4. METHOD  

 
The following methods were used while undertaking the current 
research. 
 

4.1. Literature review 

Reviewing of the relevant literature was conducted to gain deep 
understanding of the research area. To have a better and solid 
understanding of the problem domain, reading of books that 
related with my study, journals and research articles relevant to 
the research topic was undertaken. In this research work, 
literature review is very important phase to understand the word 
class and the morphological property of wolaita language. In this 
strategy to review the literature in the area of part-of-speech 
tagging based on rule based model and discuss with linguistic 
and expert for more understanding of wolaita language.  
 

4.2. Data collection 
The required data collected for this study was gathered from 
different sources. These are online bible in Wolaita 
language[49].(30%), social media in Wolaita language (Wogetta 
FM 96.6 ) (40%),and also different reference materials of 
Wolaita language which are provided by the department of 

Wolaita language in Wolaita Sodo University(30%). From these 
three data sources the researcher collected 1,134 sentences or 
14,358 words. The dataset used in this study is identified and 
prepared by the help of language expert who are mentioned in 
the next section.Moreover, this research is motivated by the 
recommendation of pervious work by Birhanu.H[9]. Based on 
the ideas of those experts the researcher identified 26 tagset to 
develop PoST for Wolaita language.  
 

4.3. Data preprocessing 

Data preprocessing is an important step in any scientific research 
work. In this phase collected data are preprocessed automatically 
used regular expression by removing foreign words, brackets, 
quotation marks and correcting spelling errors before annotating 
corpus. Annotation of corpus is done manually with help of 
language experts after preprocessing. After tagging it manually, 
the entire corpus were divided into sub corpus as 90% (1020 
sentences or 12,683 words) for training dataset and 10% (114 
sentence or 1,675 words) for testing dataset. In this study two 
way data preprocessing is used: the first data preprocessing is 
done before preparing annotated corpus and second data 
preprocessing step in this study is after preparing annotated 
corpus to preprocess by using system to segment and to tokenize 
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before giving the data for the learning algorithm. Totally, the 
preprocessed data for this study is 14,358 words 
 

4.4. Design and implementation 

Many algorithms have been applied for part of speech tagging 
including hand-written rules (rule-based tagging), probabilistic 
methods (HMM tagging and maximum entropy tagging) and 
Artificial neural network, as well as other methods such as 
transformation based tagging, memory-based tagging and 
combination(hybrid) approaches[15]. The approaches used here 
are the rule based(Transformation Based Learning (TBL)). Rule 
based part of speech tagger is an approach that solves the 
problem of assigning the part of speech tags to words 
insentience’s using rules extracted from language experts based 
on the morphemes attached onto words. These rules can be 
manually prepared by linguistic professionals and machine 
learned rules or transformation based learning. Transformation 
based learning is machine learning technique to generate rule by 
comparing manually tagged corpus with temporary corpus 
which is tagged by initial tagger; Transformational based 
learning takes un annotated corpus as input which goes through 
the initial state tagger. This initial state tagger assigns a tag that 
is most likely. This initial tagger produced a temporary corpus as 
an output then the temporary output corpus by the initial state 
tagger compared with the goal corpus which was manually 
tagged and expected to be correct. The corpus passes through the 
learner iteratively to derive rule for transformations. Each of 
these derived rules is examined by applying it to the temporary 
corpus and comparing the result with the goal corpus. Based on 
this comparison the highest score is applied to the text and is 
produced as ordered list of rules and added to the result list. The 
process continues until temporary corpus match with goal 
corpus or no change in rule.  In this research work, the machine 
learned rules used rather than using hand crafted rules because 
which consumes more time and needs skilled linguistic 

professionals. Machinelearnedrulescanbe obtainedon the course 
training oftagger. Thatmeansa modelismade toautomatically 
learn andstorerule calledbrillTransformationfrom thetraining 
corpus tobeprovided[12]. Transformation-based learning (TBL) 
is a rule-based algorithm for automatic tagging of parts-of-
speech to the given text[17].Transformation  based learning 
transforms one state to another using change rules to find the 
appropriate tag for each word.  
 

4.4.1. Transformation Based Learning   

Transformation based learning is an algorithm that automatically 
extract rule or linguistic information from a sample of manually 
annotated corpus and learns lexical or morphological and 
contextual information  from correctly annotated corpus without 
human intervention or expert knowledge. It only requires a small 
manually correctly annotated corpus.  The system is then able to 
derive lexical and contextual information from the training 
corpus and likely POS tag for a word. Once the training is 
completed, the tagger can be used to annotate new, untagged 
corpus based on the tagset of the training corpus.  
Transformation based learning (TBL) is two phases: initial state 

tagger and learning phase. In the process of TBL, the TBL take 
untagged corpus as input and initial tagger tag likely tag for the 
tokens in the untagged corpus, then result temporary corpus as 
output. Then the learning phase take two corpus which is 
temporary corpus and reference or goal corpus which is 
manually tagged corpus assumed as correctly tagged corpus, and  
compared temporary corpus with goal corpus for rule derivation. 
The temporary corpus passes through the learning phase 
iteratively to derive rule transformation. The learning phase 
learns continues until no change of rule to improve temporary 
corpus compared with goal corpus. In the process of this, the 
learning phase produce ordered list of rules which can be 
applied and tagged untagged text. Below the figure 1shows the 
design of transformation based learning. 

 
Figure.1. Transformation Based Learning Tagger Proceess 
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Following it can be seen from the figure, there are two learner 
phase, lexical learner and contextual learner. The lexical learner 
module uses a list of words containing information about the 
frequencies of tags, which is derived from the reference corpus 
but the temporary corpus for the lexical learner is a list of words 
which is similar to the reference corpus but tagged in different 
way. Instead, the reference corpus for the contextual learner is 
the manually tagged corpus which is already running and the 
temporary corpus is same corpus which was tagged in different 
way than the reference corpus.The rule part contains two main 
part which is triggers (condition or current tag) and resulting tag. 
These rules are initialized from already defined transformation 
templates. Initially, these templates are defined as uninitialized 
variables which can later be instantiated to some rule throughout 
the training. 
 

Following is the form of these template rules:  

i. If Trigger, then change the tag X to the tag Y 
ii. If Trigger, then change the tag to the tag Y where X and Y are 
variables. 
In template (i) is change the current tag X of a word to the 
resulting tag Y if the rule triggers the word while  template (ii)  
change the word tag regardless of its current tag to the resulting 
tag Y when the rule triggers the word. Based on this, a set of all 
rules is generated from the existing predefined templates.   

 
i. Initial Tagger 

The initial tagger takes untagged corpus as input and tag the 
untagged corpus based on statistical model which is N-gram 
model like unigram, bigram, trigram or default tagger. In this 
research, different tagger as initial taggers used which are 
unigram bigram and trigram taggers compared with the 
performance of Brill tagger. The initial tagger select depending 
on the final performance of the TBL tagger. 

 
a. Unigram tagger:  

Unigram is a type of the simplest 𝑛-gram (with𝑛=1), which is a 
probabilistic language model for estimating next word in a 
sequence of 𝑛 words. Without considering preceding word, 
Unigram calculates the probability of the next word and also 
assigns the probabilities to entire sequences. The probabilities 
can be estimated from a training corpus. When Unigram 
encounters a word that does not exist in the training corpus, 
Unigram assigns it a default tags ‘None’[18]. For calculating the 
unigram probability, first determined that the frequency of each 
word occurs in the corpus. Probability of tag with given word is 
the frequency of tag with give word divided by the total number 
of word in training corpus. 
 

P(ti/wi)=freq(wi/ti)/freq (wi)…………………………….(1) 
 

The above question (1) shows that how unigram tagger compute 
probabilities of tag give word. Here Probability of tag given 
word is computed by frequency count of word given tag divided 
by frequency count of that specific word. Corresponding 
probabilities will be checked after calculating frequency. Finally 
on the source of those probabilities final tagged output will be 
generated. 

 
b. Bigram tagger 

It applied statistically the same process as the unigram tagger 
with one specific difference. Different of bigram tagger from 

unigram tagger is it considers the context when assigning a tag 
to the current word. The bigram tagger is assign tag give word 
based on the preceding and current tags and it assumes that 
probability of tags depend on previous tag. The basic idea 
behind all the statistical method is to capture most likely tag 
sequences for text, Thus this phenomenon can show by 
equation(2):[19]. 
 

P (ti/wi) = P (wi/ti) * P (ti/ti-1).................................. (2) 

 
The probability of current  the probability of a current tag 
Word given current tag  given the previous tag  
These probabilities are computed by equation (3)  
 

P (ti/ti-1) =f (ti-1, ti)/f (ti-1).......................................... (3) 

 

C. Trigram Tagger 

It is second order Markova model that consider triples of 
consecutive words that means it checks for the occurrences of 
the words together with two words before. 
 
ii. Learning Phase  

Transformation-based learning is learning rules from the 
correctly prepared manually tagged corpus. In learning phase 
transformation based learning approach has two major sub-
components that are used for learning rules from manually 
prepared corpus. Those sub-components are: the lexical learning 
rule and the contextual learning rule. The two sub-components 
are discussed as follows 

 

a. Lexical Learning Rule 

The aim of lexical rule learner is used to drive set of acceptable 
lexicon rule that can produce assign the most likely tag for any 
word in the given input text that may or may not be seen in the 
training tagged corpus. The lexicon is computed using a 
statistical method and it holds every word within the training 
corpus associated with its most frequent tag. It is used to tag 
untagged words that are seen at list one time during the training 
stage. The lexical rules generate and the  lexical rule learner 
accept untagged Wolaita text and passes to the initial tagger, 
then the initial tagger to produce a temporary corpus termed 
TC0. After this, it finds the rule which becomes the best 
permissible score when applied to TC0 based on the condition 
which is predefined lexical rule templates. Based on the result of 
the rule on the word to be tagged, the score of the rule may 
become positive, negative or zero. A best score for a rule means 
that a rule that gives better similarity with the gold or manually 
tagged text when applied to TC0. The score of rule is positive 
(+) means the rule changes the tag of the word from incorrect to 
correct. Negative (-) score of rule means the rule change the tag 
of the word from correct to incorrect and zero (0) means 
condition of the rule is not fulfilled. Applied to the first 
temporary corpus (TC0) after computing rule with best score, 
then produce the next temporary corpus called (TC1) and added 
best score rule to the set of rules. The procedures continue in the 
same way to produce the entire permissible rule with the 
corresponding temporary text until no rule can change the tag of 
temporary corpus. 
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Templates that are used in lexical rule learner component are 
given below  
1. Change the most likely tag to Y if the current word has suffix 
X  
2. Change the most likely tag to Y if adding/deleting the suffix 
X, |X|<9, results in a word, |X| is length of x.  
3. Change the most likely tag from X to Y if deleting/adding the 
suffix (character) X, |X|<9, results in a word, |X| is length of x.  
4. Change the most likely tag from X to Y if word W ever 
appears immediately to the left/right of the word.  
The above rules template are prepared for Wolaita language  In 
the case of Wolaita language, the numbers of suffix are extended 
up to 9 characters based on the corpus prepared for this research. 
The lexical template prepared considering the feature of Wolaita 
language.  
 

For instance: 

Ammanekketanne --Amman-ekkettanne 

Ixxidaakkonne->Ixxi-daakkonne 

So, extended the suffix to 9 characters for Wolaita language and 
it changes the original brill tagger template of lexical learner 
rule number 2 and 3. The lexical rules formed by the lexical 
learning module are then used to initially tag the unknown 
words in the contextual training corpus. Some of the lexical 
rules extracted by lexical modules from training corpus are 
presented in appendix B.  
 

a. Contextual rule 

Contextual rule learner is used to tag unknown words based on 
context or environment. It is learned for disambiguation and 
better accuracy using contextual rule learner, the learner takes 
initial temporary and gold corpus as an input then, the learner 
generates possible rules for predefined contextual rule template 
when the condition is satisfied. The goal of contextual rule 
learner is the same way of that of lexical rule learner, they 
generate set of all permissible rule. But the permissible rule of 
contextual rule learner different from permissible rule of lexical 
rule learner because the two modules uses different predefined  
transformation templates and the lexical rule learner  build rule 
based on morphology of word, the contextual learner depend  
context of the  that words. Following are some templates of the 
contextual rule learner.   
1. The preceding/following word is tagged with X  
2. One of the two preceding/following words is tagged with X  
3. One of the three preceding/following word is tagged with X  
4. The preceding word is tagged with X and the following word 
is tagged with Z  
5. The preceding/following two words are tagged with X and Z  
6. The two words before/after is tagged with X  
7. The current word is X and the following word is Z. 
8. The current word is X and the preceding/following word is 
tagged with Z. 
9. The current word is X and the word two words before/after is 
tagged with Z. 

The transformation based learning sub-components generated all 
possible rules, after that the learner computes the score of each 
rule for a specific word. The learner picks rules with highest 
score and stores it in sub-component of transformation based 
learning tagger which is rules based on the score. Scores on the 
temporary corpus TC0 are computed for all rules in permissible 
score if the trigger condition is satisfied for the rules. Score of 
rule R can be computed simply by comparing the word Wtag in 
CT1 when rule R1 is applied with the correct tag of same word 
in the reference corpus. If the applied rule R1 corrects the tag of 
the word, the score of R1 is +1. Though, if the applied rule 
R1introduces error, the score for R1 is -1. In all other cases, the 
score for the rule is 0. Consequently, the score for rule R is 
generalized as: 
R= number of errors corrected - number of errors introduced 
It picks the rule with the highest score and then put on output 
list. Hereafter, the learner applies R1 to TC0 and produces TC1, 
on which the learning continues.The process continues in the 
same manner until no rule occurs that makes the temporary 
corpus look like with that of the reference text. 
 

The Learning Algorithm 

Transformational rule based learning algorithm for both of the 
contextual and lexical rule can be generalized as follow: 
1. Initial tagger takes untagged sentence as input then tag 
2. Learning lexical and contextual rules from initial tagger by 
repeatedly calculating the error scores then: 
i. Pick the highest score of rule and add it to rule set 
ii. Use rule set to tag the initialized text 
iii. Repeat step 2 until no rule to change the state of the tag. 
iv. Lastly the output of lexical and contextual rules. 
 

4.5. Test and evaluation methods 

The researcher used percentage split method to test and evaluate 
the model. To measure the accuracy, the entire corpus was 
divided into two dataset: training data set and test data set. The 
gold standard tags are used to compare and estimate percentage 
accuracy of the model. The model tags test dataset sentences 
based on the trained knowledge and then evaluate model by 
count correct tags from test data set and divided by the total 
number of test data set (incorrect and correct tags). 
 

%accuracy= Number of correct tagsNumber of incorrect tags + number of correct tags-----------
------------------- (4) 
 

5. EXPERIMENT RESULT 

The researcher used percentage split evaluation method in 
experiment. According to this percentage split evaluation 
method, the entire corpus is split into two sets: Training set and 
testing set.To decide the splitting size of training and testing 
dataset the following experiments were done by using different   
percentage split. 
 

 
Table.2. Experiment Results of TBL Tagger using different Percentage Split 

Initial Tagger 70/30(70% TDS and 
30% TS) 

80/20(80% TDS and 
20% TS) 

90/10(90% TDS and 
10% TS) 

Unigram Tagger 76.61% 78.04% 88.66% 
Bigram Tagger 75.60% 77.81% 90.69% 
Trigram Tagger 76.16% 78.18% 92.96% 
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5.1. Experiment Result for Transformation Based Learning 

In transformation based learning, first the researcher create an 
un-annotated version of the training corpus and then pass it to the 
initial state annotator (unigram, bigram and trigram). The 
researcher used initial state annotator, which is simple statistical 
techniques/n-gram tagger (unigram, bigram, trigram and 
Regexp). Firstly the un-annotated data is passed to unigram 
tagger; the unigram tagger by using the maximum probability P 
(ti/wi), finds the best tag and label it to the targeted word.  

  t= argmax P(t/w) this computed as P(t/w)= C(t,w)/C(w), 
where C(w) is number of time the word w appear and C(t,w) 
is the number of time tag t appear with word w. 

In the case of unigram tagger, assigns a ‘None’ tag to all 
unknown tokens. The researcher used regexp tagger as backoff 
for handling unknown words as it gives better score than the 
default tagger. Now the regexp tagger is used as a backoff, thus 
that when unigram tagger fails to determine a tag, it refers 
backoff. Consequently, it employed as backoff tagger, which 
uses simplest word suffixes for determining part of speech tag. 
For instance, some suffix of Wolaita language word used for 
unknown words to accurate unigram tagger. Regexp tagger is 
backoff tagger for unigram tagger but not initial state annotator 
by itself on this research.   

 

 
After un-annotated data annotated by unigram tagger is passed to 
learner; the data tagged by initial tagger (unigram tagger) is 

temporary corpus. This temporary corpus then compared with 
goal corpus/reference corpus to check the correctness of the 
initial annotator. Temporary corpus then turn into input to the 
learner. The learner is learned an ordered list of transformation, 
which is applied on temporary corpus   to make it near to the 
goal corpus or reference corpus. Transformation is contained two 
components: (rewrite rule and triggering environment). For 
instance of rewrite rule and triggering rule are as follows: 

Change the tag from NN to NC   rewrite rule 
The preceding word is PUN  triggering rule 

The rules are basically instantiated from a set of predefined 
lexical and contextual transformation templates. Predefined 
template comprised un-instantiated variables. 

If trigger, then change the tag x to the tag y, where x 
and y are variable 

The clarification of the transformation template is the rule 
triggers on a word with current tag x then the rule replaces 
current tag with resulting tag y. In training time, tagger estimates 
the values for x and y and the variable stated in the context, to 
create thousands of candidate rules. In each iteration of learning 
pick the rule and applied on the temporary corpus provides best 
score according to its value of; 

Score = Fixed – Broken,  
Where Fixed = number of tag changed incorrect ->correct 
 Broken =number of tag changed correct -> incorrect 
 
Subsequently, adding the best scored rules in the final ordered 
list of rule, the whole corpus is update by applying this high 
scored rule. In this manner, learning continues until there is no 
change for further improvement. Predefine transformation 
template divided into two which are lexical and contextual 
transformation template. 

 

 
Figure.2. Sample Screenshot Transformation Template Generated from Training Corpus 

 

The above figure 2 represents the some transformation template 
generated from training corpus based on predefined 
transformation template.  The list of rule listed in decrease order 
based on score. For instance, the first transformation in figure 2  
NN->VV the number of score is 133, that mean incorrectly 
tagged 133 NN tag to correct tag to VV based on the following 
word of (.). Score = fixed –broken------ 133-0 =133 

VR->NN  if the text of the preceding word is (.). In this case 
incorrectly tagged tag VR to correct tag NN based on the 
preceding word of (.) and one correctly tagged tag VR to 
incorrectly tagged tag NN and three incorrectly tagged tags to 
incorrectly tagged tag. Score = 7-1=6 After being annotated by 
the unigram tagger, brill algorithm learned by taken temporary 
corpus from unigram tagger (initial tagger) and reference corpus, 
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after learned to generate lexical and contextual rule to tag 
untagged sentences based on the learned rule.  The modeled 
tagger accuracy was computed by test dataset. Second the 
researcher was used bigram tagger as initial tagger for brill 
tagger development. Bigram tagger is similar to the unigram 
tagger but it uses both current tag for current word and preceding 
tag to find the most likely tag for each word. The brill algorithm 
taken temporary corpus from initial tagger (bigram tagger) and 
leaned the lexical and contextual rule from training dataset by 
comparing temporary corpus with reference corpus. Then after 
that, the accuracy of brill tagger was computed by test set. 
Lastly, the researcher used trigram tagger as initial tagger and 

computed the accuracy of brill tagger. The trigram tagger similar 
with that of bigram tagger but the only difference is, it uses three 
tags current tag for current word and two preceding tag. As result 
the performance of TBL tagger computed using three split 
methods. As result, the performance of TBL tagger computed 
using three initial taggers with different portion of training sets. 
The following table3 shows the experiment result of 
transformation based learner/rule based tagger. The performance 
of rule based tagger tested using ten different experiments with 
different portion of training dataset by three different initial 
taggers namely unigram, bigram and trigram tagger. 

 
Table.3. Shows different Experiments with different Portion of Training dataset and Initial Taggers for Rule-based Tagger 

 

 
Figure.3. Rule Based Tagger Performance for Wolaita Language 

 

The above figure shows different experiment results of rule 
based tagger. In this research work, three initial taggers 
(unigram, bigram and trigram tagger) used with different portion 
of training dataset. Started training tagger first by 10% of 
training set and 10% of test dataset to test the accuracy of brill 
tagger and continue testing by add 10% training dataset until 
100% training set. When the training dataset increase the 
performance of the taggers increase and the performance of rule 
based tagger used trigram taggers as initial tagger greater than 
bigram and unigram tagger. The performance of rule based 
tagger is 88.48%, 90.69% and 92.96% of unigram, bigram and 
trigram respectively.  
 

6. CONCLUSIONS  

 
Part of speech tagger is one of natural language processing 
application. POS tagging is the essential basis for other Natural 
Language Processing (NLP) applications and it’s a research area 
in the field of natural language processing for different 
languages.  It is the process of assigning corresponding part of 

speech tag for a word in sentence. The most common 
approaches to develop part of speech tagger identified by 
different researchers are: rule based, HMM, artificial neural 
network, memory based and hybrid of individual approaches. 
For this research, Transformation based learning or Brill tagger 
at sentence level is designed for Wolaita language. This paper 
describesaPoS tagging experiments and to develop this 
transformation based learning or Brill tagger were developed 
and evaluated for Wolaita language. For the PoS tagger 
development, manually tagged corpus used, which consist of 
1134 sentences and 26 tagsets are prepared manually. Because 
in the language there is no standard corpus and tagsets for 
natural language processing; so, corpus and tagsets are manually 
prepared for the study.  The tagged entire corpus is divided into 
training and testing dataset. The researcher decided to use 
90/10(90% training dataset and 10% testing dataset) of entire 
corpus based on experiment of table 2. The 90% of the entire 
corpus for training and the remaining 10% of corpus for testing. 
NLTK and Python version 3.5.0 are used in the implementation 
and experiment of Wolaita language part-of-speech tagger. To 

84.00%

86.00%

88.00%

90.00%

92.00%

94.00%

A
cc

u
ra

cy
 

Training- Set 

Rule Based tagger Accuracy with different initial taggers 

Unigram Tagger

Bigram tagger

Trigram tagger

Training 
set 

10% 
(10) 

20% 
(204) 

30% 
(306) 

40% 
(408) 

50% 
(510) 

60% 
(612) 

70% 
(714) 

80% 
(816) 

90% 
(918) 

100% 
(1020) 

Unigram 
Tagger 

87.96
% 

87.50% 88.08% 87.85% 88.19% 87.96% 88.14% 88.14% 88.31% 88.48% 

Bigram 
tagger 

90.40
% 

90.40% 90.52% 90.40% 90.34% 90.58% 90.46% 90.34% 90.58% 90.69% 

Trigram 
tagger 

92.55
% 

92.55% 92.67% 92.61% 92.73% 92.84% 92.73% 92.61% 92.79% 92.96% 



IJESC, September 2020                                                           27222                                                                            http:// ijesc.org/ 

evaluated the performance of transformation based learning 
conducted by different portion of training dataset experiments. 
Consequently, 92.96% performance is obtained for transform 
ation based learning tagger with trigram initial state tagger.The 
performance of rule based tagger was tested on different training 
dataset.Thus, the transformation based learning approach is 
better for classifying tag for word of wolaita language at the 
sentence level.Accordingly, based on their performance, the 
study has concluded that the transformation based learning or 
rule based learning tagger performs better accuracy to tag 
Wolaita language words at sentence level. 
 

7. RECOMMENDATION  

 
Part of speech tagging is pre-processing component for many 
advanced or high level NLP applications such as parsing, word-
sense-disambiguation, machine translation, text-summarization, 
question –answering etc. Therefore, the researchers who are 
interested to do research in the area of NLP application for local 
language and part of speech tagging of Wolaita language in 
particular that should be recommended for future research in the 
area of natural language processing. These recommendations are 
listed below.  

 Comparative study of HMM based, rule based, conditional 
random field and Artificial Neural Network based taggers for 
Wolaita language.  

 Extending this work with large training data and identified 
tagset using different features of a language not included in this 
research: gender, tense etc. 
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