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ABSTRACT

The presence of Natural language processing (NLP) discipline allows computers to understand
human language and process them. It provides basic role in different research tasks like part of
speech tagger (POST), spelling correction and parsing, Machine translation, grammar checking,
text summarization and so on. Among them POST is one of the foundation for other NLP tasks
as this is used as preprocessing component. The task of POST is labeling each word to
corresponding part of speech category so as to assign part of speech tags to words in a sentence.

Several parts of speech taggers were developed for local and foreign languages. However, these
POS taggers can’t be directly used for other language. As far as researcher’s knowledge is
concerned, there is no part of speech tagger developed for Guragigna language. So, the aim of
this study is to develop part of speech tagger in Guragigna language. To do this first different
literatures related to this work are reviewed to understand the nature and behavior of the
language, and to identify possible tagsets. As a result, 17 tagsets are identified. In order to train
and evaluate the performance of tagger 6,745 words are collected. The main source of our corpus

is from Guragigna fiction and editorial category.

In order to develop the tagger, Hidden Markov model (HMM) approach and hybrid approach
which is a combination of rule based and HMM based are used. Initially raw Guragigna text is
tagged by HMM tagger based on the most probable path for given sentence of word. After that
rule based tagger is used to correct HMM tagger based on predefined set of rules. The algorithm
used for HMM is Viterbi. Additionally in our experiment we also use CRF approach.

For experiment analysis, we used 90% of the data for training and the rest 10% for testing.
Different experiments are conducted for each tagger independently. Having tested on the same
data the performance analyses of the taggers are 66.56, 74.46 and 78.42 for CRF, HMM tagger
and Hybrid tagger respectively.

Increasing the size of training data and examining the tagger influences the result. Result from
our experiment shows that adding of rule based tagger performs better result than HMM tagger
alone.

Keywords: Guragigna, Part of Speech Tagger, Hidden Markov Model, NLP, Hybrid Tagger, Viterbi

algorithm




CHAPTER ONE
INTRODUCTION

1.1 Background of the study

Language is a method of human communication, either spoken or written, consisting of words in
structured and conventional way. It has a great role in our day to day activities. In its written
form it provides a means to keep information and knowledge for long period of time and pass it
to next generation. In its spoken form, it can be used as a way to cooperate our day to day
activities with others [1]. Languages that can be learned from environment and used for
communications by human beings are known as natural language such as English, Amharic,
Afaan Oromo, and Guragigna. In contrast artificial languages are based on a set of prescribed

rules and developed for a specific purpose such as programming language.

In order to understand natural language there are mainly four kinds of knowledge. The first one
is morphological knowledge. That is concerns of word formation and it studies the patterns
formation of words by the combination of sounds into minimal distinctive units of meaning
called morphemes. So, morphological knowledge concerns how words are constructed from
morphemes. The second one is syntactic knowledge that deals with how words are combined to
form phrases, phrases are combined to form clauses and clauses join to make sentences or
formation of sentence. So, this implies that description of the ways in which words must be
ordered to make structurally acceptable sentences. The third one is semantic knowledge that
concerns with the meanings of the words and sentences, and describes the ways in which words
are related to the concepts. Lastly pragmatic knowledge that deals with the contextual aspects of
meaning in particular situations and it concerns how sentences are used in different situations

and how it affects the interpretation of the sentence.

Natural Language Processing (NLP) is a research discipline related to artificial intelligence,
linguistics, philosophy, and psychology [2]. The aim of this discipline is building systems
capable of understanding and interpreting the computational mechanisms of natural languages.
There are several research attempts under investigation in NLP; for instance, machine
translation, information extraction and retrieval using natural language, text-to-speech synthesis,

automatic written text recognition, grammar checking, and part-of speech (POS) tagging [3].




POS sometimes called as word classes, morphological classes or lexical tags and it contains
words that are divided into different classes. Traditionally grammars have few parts of speech
(noun, verb, adjective, preposition, adverb, conjunction, etc.). For example, consider the
following sentences that are tagged with English part of speech tagger.

@/en sentence \

| eat Kitfo at my lunch.

Tagged output sentence
I/PRP eat/VBR Kitfo/NN at/IN my/PRPS lunch/NN ./PUNC

PRP: - Personal pronoun

VBR: - Verb non-3rd person singular present form
NN:- Noun, singular, common

IN:- Preposition

PRPS$: - Possessive Pronouns, singular

K PUNC: - Punctuation /

Figure 1-1: English Part of Speech Tagger

Part of Speech tagging (POST) is one of the application areas of NLP and task of labeling each
word in a sentence with its appropriate syntactic category. It is a very important preprocessing
component for language processing activities and helps in doing in deep parsing of text and in
developing information extraction systems, semantic processing, Information Retrieval and

Machine translation.

Depending on the degree of automation used in the tagging process, the taggers can be classified
as supervised or unsupervised [4]. Supervised taggers typically rely on pre-tagged corpus which
serve as the basis for creating tools (dictionary, word/tag frequencies, tag sequence probabilities,
rule set, etc.) to be used throughout the tagging process. Unsupervised models, on the other hand,
are those which do not require a pre-tagged corpus, but instead use sophisticated computational

methods to automatically induce word groupings (i.e. tag sets).

Based on these automatic groupings, to model and develop the tagger there are different

approaches which are used to predict word category information to the words in a text. The most




know approaches are rule based approach, Stochastic approach or HMM (Hidden Markov
model) approach, Artificial neural network and a combination of neural network and rule based
or HMM and rule based [5]. Rule based approach uses a large database of hand-written
disambiguation rules considering the morpheme ordering and contextual information. The
stochastic approach uses a clearly tagged text to estimate the probabilities to select the most

likely sequence. The detail description of tagging approach is described in section 2.2.

Researches in natural language processing have motivated by two main aims. Those are lead to
better understanding of the structure and functions of human language and to support the
construction of natural language interfaces. Thus is used to facilitate communication between

humans and computers.

Recently researches in part of speech tagging are developed for international and local
languages. For example tagger taggers developed for foreign language are POST for Chinese [6],
Hindi [7], Arabic [8], Portuguese, Turkish [4], Bengali [9]. Locally for Amharic [10, 11], Afaan
Oromo [12, 13] and Tigrigna languages [14, 15], taggers are developed.

However, in order to push Guragigna language toward the technology, researches made in
Guragigna language are very limited researched. Particularly in Guragigna language part of

speech tagger is not developed.

1.2  Statement of the problem

Guragigna is one of the widely used languages in Ethiopia, which is afro Asiatic language of
southern Ethiopic branch of Semitic family that are spoken by Gurage people. Currently there
are around 6.8 million native speakers of the language according to the 2007 national census.
The language is used in medium instruction for primary school and used in different institute of
the region. In addition to that, it is used in different sectors such as Walkite radio station.
Magazine, educational books and fictions are published with the language. Due to this currently

the number of users of the language is highly increasing from time to time.

Nowadays researches conducted with the Guragigna language are very limited. However, some
tools are developed like keyboard for the language [16]. Still as far as researcher’s knowledge is

concerned, very limited researches are conducted in the area of NLP for the language.




Particularly, there is no research conducted on development of POS tagger. Due to increasing of
the number of language users and to do different researches, it is essential to develop part of

speech tagger for the language.

The absence of Guragigna tagger is the main obstacle for researchers who do in NLP High level
applications such as in the area of Machine translation, Spell checkers, Dictionary compilation,
Automatic sentence parsing. The reason is that, all of these NLP applications use part of speech
tagger as their preprocessing components for their task because of it provides additional
information about corpora content in the form of word class category [15]. Additionally, there is

problem in word categorization for the language.
At the end of this study the following research question are answered and investigated.

v" How can we automatically identify the Guragigna part of speech with high accuracy?

v" How to determine rule based tagger to improve the performance of hybrid based tagger?

v" Which tagging approach among Hidden Markov Model, Hybrid model perform better for
Guragigna language?

v" How to prepare corpus that can contribute to determine the effectiveness and robustness of
individual and hybrid tagger?

1.3  Objective of the study

The objective of this study is described as general objective and specific objectives.
1.3.1General objective

The general objective of this study is to develop part of speech tagger for Guragigna Language

text using HMM and hybrid approach.

1.3.2 Specific objectives

To achieve the general objective, the following specific objectives are addressed.

v' To analyze word category construction and behaviors of Guragigna language.

v' To design a POS Tagger for the Guragigna language.
v' To develop a Guragigna POS Tagger Prototype.

——
N
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v' To test and evaluate the tagger performance of the selected POS tagger algorithm for
Guragigna.
v' To state the conclusions based on experimental results and to recommend research

area in the future.

1.4 Scope and Limitation of the study

The scope of this study is limited to explore the hybrid based approach to design
automatic POS tagger for Guragigna language. The study also focuses on categorizing part-of-
speech of the language for word lexical categorizations. The probabilistic model which is used in

this work is bigram.

Moreover, this study excludes some of word categories such as tense and gender. The main
reason for this limitation is lack of data corpus and linguistic professional. Since tagging every
word in corpus with word category is difficult due to lack of enough human professionals. So, it
needs more time and effort [17]. The main limitation in conducting this study is the absence of

readily available annotated corpus for Guragigna language.

1.5 Methodology

The following methods are used for the achievement of this study.

1.5.1 Literature Review

In order to develop foundation of idea on the study area, to be up-to-date in information and to
avoid replication; different Books, journal article, conference paper, research reports published
and unpublished materials are reviewed. Additionally, to understand the morphological property
of Guragigna related works on Guragigna word classes are conducted. Works that are related

with part of speech tagging relevant to this work is also reviewed.

1.5.2 Data Collection

In this thesis work, the data were collected from a book which exists in hard copy format and
editorial category of soft copy format. There is no readymade data set for the language. The main
source for this thesis work is fiction book which is the first fiction called ¢smev-t+ fin that is

written in Guragigna language in 1960 by Assistance Professor H/Markos at AAU. And other




data is taken from Editorials of Gurage language, Gurage zone state communication website. In

order to train and test the model totally we use dataset of 307 sentences that contain 6745 words.

1.5.3 Testing and Evaluation

To test the model, we used 90% data from entire corpus for training. And the rest 10% are used
for testing. The training starts with 10% of data from the entire training corpus and measure the
performance of the result. Then, adding of 10% training data to previous training data until
desired training corpus. Finally, to test the performances of tagger on set of test data, we evaluate

using confusion matrix for each tagger.

1.6 Application of the Study

Natural language systems are generally composed of a set of interconnected pipelined tasks.
Each task is may or may not related to other pipelined tasks. However, among these tasks POST
is one of them. Therefore, the development of POS tagger has a big impact for other pipelined
tasks.

So, developing POST has different benefit for Gurage language community as well as research
community.

v' For the Guragigna language community: Help them to discover the word categories and

grammar construction. In addition to that it has an advantage for research community.

v For research community: It contributes for researchers who do in higher level of NLP

application of Guragigna language as preprocessing component.

1.7  Organization of the thesis

The rest of this chapter is organized as follows. Chapter two is review of literature and related
work. This chapter mainly focuses on overview of part of speech tagging, different tagging
approaches that are used in POS. Moreover, discusses on related work that are done using
Hybrid approach. In chapter three linguistic property and tagsets of Guragigna language are
presented. Basically, it explains about morphology, sentence structure and word classes of
Gurage language, and at the end discusses on tagsets that are selected for the study. Detail design
process, algorithms that are used in the study and architecture of the POS tagger for selected
approaches on the language are presented in chapter four. Chapter five presents the details of

corpus preparation for sake of the experimentation. Preprocessing component for taggers is also




discussed. Additionally, implementation and experiment of selected tagger, performance
analysis and results obtained are also addressed in this chapter. Lastly, conclusions, contribution

of the study and recommendations for future works are presented in chapter six.




CHAPTER TWO
LITERATURE REVIEW AND RELATED WORK

2.1 Overview

As discussed in section 1.1, part of speech tagging is the process of assigning each word in
sentence with the proper POS tag in the context it appears. POS tagging is harder than just
having a list of words and their parts-of-speech. Because some words can represents more
than one part-of-speech at different times. Such words are called multi-category words
(MCW) and are ambiguous in nature [18]. For example, consider the following two
sentences which have the same word water but have more than one lexical category

depending on the context that they appear in sentences.

/Give me some water. \

They water the plants daily.

v In the first sentence, the word WATER names something. So, it is a
noun.

v In the second sentence, the same word WATER expresses an action. It

k tells what they do. Here it is a verb. /

Figure 2-1: One word having Part of Speech tagger

So, the challenging task in the POS tagging is to find the correct POS tags of new words

and disambiguating multi-sense words.

To resolve ambiguous problem and unknown words during POS tagging, the lexical and
the context information i.e. the relationship between adjacent and related words in phrase,

sentence or paragraph has to be considered or necessary [19].

Generally, this chapter explores on different POST approaches that are conducted to
develop POST. And the way how they work, and identify their strength and weakness.
Additionally, the chapter deals about researches that are conducted on POST for local
language as well as foreign languages. Finally discusses on works that related works to

this study.




2.2  Approaches of Part of speech tagging

In order to develop POST there are different approaches. However, each approach has
their pros and cons. So, this section focuses on brief description of different approaches
that are used for part of speech tagging. Several algorithm and method are revised to deal
with part of speech tagger. Among those approaches, the most known approaches are
stochastic based [3, 20, 21], rule based [22, 23], neural network approach [24, 7], support
vector machine [25, 11, 26], condition random field [11, 26], and hybrid based approaches
[4, 27, 28]. The details of most known approaches are described as below.

2.2.1 Stochastic based part of speech tagging

The most popular approaches used nowadays are statistical or machine learning techniques.
These approaches primarily consist of building a statistical model of the language. And
using the model it can disambiguate a word sequence by assigning the most probable tag

sequence given the sequence of words in a maximum likelihood approach [29].

The stochastic model is widely used in POS tagging for simplicity and language
independence of the models. The intuition behind all stochastic taggers is a simple
generalization of the 'pick the most-likely tag for this word" approach based on the
Bayesian framework. Among stochastic models, bi-gram and tri-gram HMM are quite

popular.

Probability is the basic principle behind HMM. [30]. Initially for a given sentence or a
word sequence, HMM tagger chooses the tag sequence that maximizes:

P(word|Tag) * P(Tag|Previous n tags) (1.1)
Where,

P(word|Tag): The probability of a word being assigned a particular tag from the list of all
possible tags for the word (most frequent tag).

P(Tag|Previous n tags): The probability of one tag given by another n previous tag.
Generally, HMM tagger chooses a tag sequence for a given sentence rather than for a
single word. Then it computes the most probable tag sequence of tags T = (ty, ... ty for a

given sequence of words in the sentence W = (W1,Wa,...,wp):

——
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T = Argmax P(T|W) (2.2)
teT

Where,

T = Argmax.. 7 P(T|W): The set of values of T for which P(T|W) attains its maximum
value.

By Bayes law and P (T|W) can be expressed as:

_P(T)P(WIT) (2.3)
P(TIW) = P
So we choose the sequence of tags that gives
Poa P(T)P(W|T) (2.4)
= Argmax————
wr . POW)

Where as

P(T)P(TIW) ,

Argmax;e T - The set of value of t which (P (T) P (T|W/P (W)) attains it’s

maximize value.

Since, we are looking for the most likely tag sequence for a sentence in given a particular
word sequence, the probability of the word sequence P (W) will be same for each tag

sequence and we can ignore it. So, we get

T = Argmax P(T)P(W|T) (2.5)
teT
Where,

P (T) is the Prior probability and P (W|T) is the Likelihood probability.

Basically, HMM taggers work on word frequency approach called N-gram approach that
calculates the probability of given tag sequence. So, the n™ word W is depending on the
previous n-1 tag. Where, the value of n is set to 1, 2 or 3for practical purpose. They named
as unigram, bigram, and trigram. However, the most widely used taggers are bigram [14]
and trigram (TNT) [31].

Stochastic part of speech tagger has many advantages among them researchers may not
need language professional, and the performance of tagger depends on the amount of
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training set. However, it is relatively complex, not suitable for language that less

annotated corpus and require vast amount of stored information [14, 32].

2.2.2 Rule based part of speech tagging

Rule based POS tagging is the earliest tagging approach in which set of rules is manually
constructed and then applied to given text. This earliest algorithm is based on two stage
architecture. The first stage uses a dictionary to assign each word a list of potential parts of
speech and the second stage used large lists of hand-written disambiguation rules to
examine a single part-of-speech for each word [30]. Among these taggers, the ENGTWOL
tagger [33] is based on the same two stage architecture, although both the lexicon and the

disambiguation rules are more sophisticated than the early algorithms.

The primary step towards development of a Rule Based Part-of-Speech tagger for any
language demands in-depth understanding and analysis of that language [34]. This implies
that it needs to know linguistic feature of specific language such as morphological, lexical
and syntactic structure. These rules are developed by linguistic professionals. As an
example, a context frame rule might say something like: “if an ambiguous/unknown word

X is preceded by a determiner and followed by a noun, tag it as an adjective”.

[ Det - X - n = X/Adj ]

Figure 2-2: Example for rule based POST

In addition to contextual information, many taggers use morphological information to aid
in the disambiguation process. One such rule might be: “if an ambiguous/unknown word
ends in an ‘-ing’ and is preceded by a verb, label it a verb” (depending on language theory
of the grammar).

Mainly there are two ways to develop rule based part of speech tagger. Those are, rule
based approach which use contextual information [35]. This rule is called context frame
rule and the second way is transformational rule in which the model tries to learn and store
a sequence of rule using training data without manual construction this kind of work is

known as brill transformation based approach [36, 27].
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Even if rule based approach is more accurate, but it needs linguistic experts with high

level of language knowledge. So, it is difficult to label every rule of the language.

The main drawbacks of rule based tagging are the laborious work of manually coding the
rules and the requirement of linguistic background because of extracting rules for each
sentence is difficult and requires time and effort.

However, it has many advantages over others taggers. For example, vast reduction in
storing information the perspicuity of small set of meaning rules, ease of finding and
implementing improvements to the tagger, and better portability for one tag set, corpus

genre or language to other and so on [23].

2.2.3 Neural Network based Part of Speech Tagging

Neural networks are one of the most efficient techniques in machine learning approach
that are used for scarce data. It consists of large number of simple processing units
(neurons) which highly interconnected by direct weighted link; associated with each unit
as an activation value. Through, this connection (activation) is propagated to other units.

The interconnections of the neurons follow specific network architecture [37].

The main processing principle of neural nets is their capability to distribute activation
patterns (learned from a training set) across the links via a learning algorithm. This is done
in a way similar to the basic mechanism of the human brain. However, the similarity ends

here. The human brain is fixed and deterministic fashion [38].

The most popular artificial neural network has three layers of units [37]. Namely a layer of
input units, a layer of hidden units and a layer of output units as observed in Fig 2.3
below. Connections exist only between units in adjacent layers. The bottom layer is called
input layer which is connected to the hidden layer that represents input of the network i.e.
The raw information is fed to the network as an input. So, it can learn and adapt
properties. Correspondingly, the middle layer, so called hidden layer, connected to the
output layer that is determined by the activities of the input unit and the weights on the
connections between the input and hidden unit. The output layer represents the result of

the learning properties from the input layer and hidden layer. Its behavior depends on
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activity of hidden units and the weight on the connection between the hidden and the

output layer.

Figure 2-3: Three Perceptron Layer

In general, three entities are characterizing an Artificial Neural Network. The network
topology or interconnection of neurons, characteristics of individual units or artificial

neurons, and the strategy for pattern learning or training.

Based on the interconnection, ANN (Artificial Neural Network) is classified as feed-
forward and feed-backward topologies. Feed forward allows signals to travel forward in
one direction only; from input to output. There is no feedback or backward propagation,
which means the output of any inner neuron (layer), does not affect that same layer.
Feedback Artificial Neural Network can have input values traveling in both forward and
backward [12]. In the forward pass, error is calculated from outputs and used to update
output weights. In backward pass, error at hidden nodes is calculated by back propagating

the error at the outputs through the new weights and hidden weights are updated.

The main drawback of this approach is having lower processing speed compared to
stochastic approach and as number of tagsets increases, the performance of tagger not
good, and selection and treatment of ambiguous word is deal with only considering
corpus. Additionally, the POS of the word is uniquely determined by the word itself. For
example, neural net tries to perform tagging based on the complete context. As a result,
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even for the word on the left is the same, the tagging result will be different if the
complete context is different. That is the neural tagger hardly acquires the rule with single

inputs.

Furthermore, though lexical information is very important in tagging, it is difficult for

neural net to use it because doing so would make the neural enormous [39].

However, it has benefits. That is the capabilities of expressing non-linear decision [12].
And also, it is suitable for language which has small number of tagsets and small amount

of training set.

2.2.4 Conditional Random Field approach

Conditional random field (CRF) can be applied for variety of NLP tasks such as Named
Entity Recognition, information extraction, text chunking, and POS concept tagging [11].
The main task of CRF in POST is segmenting or labeling sequence of data.

2.2.4 Hybrid based approach

This approach is a combination of different taggers or model to obtain better accuracy
result. It was observed that different taggers have similar performances, although they
usually produce different errors [40]. Based on this encouraging observation, it is
essential to use more than one tagger by combining them. The combination may be rule
based and stochastic [4, 28, 9], rule based and ANN approach [41] and so on.

The working principle of rule based and stochastic are firstly tagging begins by accept
unannotated text into the stochastic tagger [14, 32]. Then the initial state annotator that is
stochastic tagger tags all the words to its most likely tag based on the lexicon. Next the
output of this tagger used as temporary corpus for the rule based tagger. The other
possible tags act as the second tag if and only if the initial tag which are tagged by
stochastic tagger are wrong, then the rules will be applied to change the initial tag (most

likely tag) to one of the other possible tags.

Like other taggers hybrid approach has its own cons and pros. Among Advantages small
set of rules that are sufficient for tagging is learned. As the learned rules are easy to
understand, the development and debugging are made easier. Interlacing of machine-
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learned and human-generated rules reduce the complexity in tagging. The rule based even

can be ten times faster than the fastest Markov model tagger.

However, Training time is often intolerably long, especially on the large corpora which

are very common in Natural Language Processing [42].

2.3 Related work

In this section, related research works are conducted. We can relate works based on
different views. For example, the type of problem they address, using of the same

methodology for similar problem, if our work is inspired by them and soon.

Therefore, in this work we review previous works of foreign and local language based

methodology they used that are HMM and hybrid approach.
2.3.1 Previous work on foreign language

There is different POST conducted in foreign language. Among them let us see works that

are related to our works.
According to Eric Brill [23, 27] :

They use corpus-based POST approach for English, called transformation-based error-
driven learning a system that guesses the tag of each word, then goes back and fix the
mistakes. The basic idea of the tagger is to assign each word within a given text it’s most
likely tag estimated by initial-state tagger that is trained on a large tagged corpus without
regard to context [23]. Once the text passed through the initial state tagger, it compared
with the reference text (manually tagged text). As a result, an ordered list of
transformation rules is learned that can be applied to the output of the initial-state tagger to

make it better resemble with the reference text.

Transformation-based part of speech tagging works as first the initial-state annotator
assigns each word its most likely tag as indicated in the training corpus. An ordered list of

transformations is then learned, to improve tagging accuracy based on contextual cues.
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For testing the performance of the system, the researchers accompanied an experiment
using 1.1 million words from Pen Tree-bank tagged Wall Street Journal corpus. From
these total corpus, 950,000 words where used for training and 150,000 words where used
for testing. Out of 950,000 words of the training corpus, 350,000 words where used to
learn rules for tagging unknown words and 600,000 words where used to learn contextual
rules. Generally, system has learned 243 rules for unknown words and 447 contextual
tagging rules. Using the tagger without lexicalized rules, an accuracy of 96.3% and an
unknown word accuracy of 82.0% is obtained. Finally, the overall performance of

accuracy was 96.6% on the tested corpus.
According to Levent A., Zihni O. and Tunga G [4]:

In their work, the researchers use composite (rule based and statistical) part of speech
tagging for Turkish. They used two additional features to increase the performance of the
system. They used both word frequencies and n-gram (unigram, bigram and trigram)
probabilities. In the first case, they incorporate a morphological analyzer which is used to
obtain the part-of speech of words independent of the words with in the corpora. This
enables the system to guess the tag of the word even if it does not exist within the corpus.
In the second case, the researchers use another statistical approach which is related to the
part-of-speech of words based on the position within the sentence i.e. making use of the
word order property of the language. So, in order to increase the accuracy of the tagger,
these heuristics are useful especially for fixed order languages like English, since the

positions of the grammatical categories in sentences in these languages do not change.

The corpus used to train and test the tagger, the researchers totally used 7200 sentences.
From the 7200 sentences, 6000 (85%) of the corpus used for training and the remaining
1200 (15%) of the sentences are used to testing purpose. The tag set used in this work is

13-word classes (POS) for the tagging process.

The system finds the tag of a word in three main steps. In the first step, the statistical
analyzer module computes some statistical data from the training corpus. In the second
step, the tag set finder finds possible part-of-speech for words to be tagged. Finally, the
main modules of the system determine part-of-speech of words. To reach final decision
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the tagger combines word frequencies, n-gram probabilities, heuristics data and data about

candidate tags.

In order to test the performance of the system, they perform three experiments by using
different parts of the corpus as training set and test set in each and addition to calculating
the performance of the system, they calculated the performance when only the
morphological analyzer is used (without any statistical data from the corpus). As a result,
they have got an average of three experiment accuracy of 82.26% for system with
statistical data and 66.73% for system without statistical data. In their work, statistical data
greatly improves the performance when compared with the baseline (without statistical).
The reason is stems from the fact that, being an agglutinative language, Turkish has a very
complex derivational and inflectional morphology a word may change its part of speech
freely by affixing different suffixes. These impose some difficulties for tagging of
agglutinative languages in general and of Turkish in particular.

3.3.2 Previous work on local language

Many researches are conducted in POST for local language. Some of these are described
below:

According to Mesfin [37]:

The researcher uses the Viterbi algorithm and bigram model to develop a POS tagger for
Ambharic language which is the first Amharic tagger. The prototype is implemented with
Visual basic programming language and uses 290 Amharic words for training and testing
purpose. The researcher evaluates the performance of the model in two ways. First
conduct an evaluation with same dataset for training and testing and achieve 97%
accuracy. The next evaluation is conduct with different datasets: 90% for training dataset

and 10% for testing dataset and achieve 90% of model performance.

According to Getachew [44]:

Their study was conducted for part of speech tagging for Afaan Oromo language with
HMM based approach. His work uses Unigram and Bigram models of Viterbi algorithm
and with 159 sentences or 1621 distinct words. The researcher uses java programming

language to implement the prototype. This work first evaluated the tagger with 20% of
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untagged training set for correcting tagger errors through comparing with manual tagged
portion of this training set. Finally, uses ten- fold cross validation, all corpuses are used
for both training and testing purpose in different repeated ten phases and the accuracy
rates are averaged. The performance evaluation is conducted for both unigram and bigram
algorithms and achieves with 87.58% and 91.975% respectively. After measuring the
performance researcher shows that bigram model of Viterbi algorithm is the promising

approach in part of speech tagging for Afaan Oromo language.

According to Tekilay [14]:

To enhance the performance of tagger, researcher uses the hybrid approach (Rule based
approach and Stochastic based approach) to develop a POS tagger for Tigrigna language,
rather than the individual ones. The prototype is implemented with Python and uses 26,
000 words for training and testing purpose. The training set consists of 75% of the corpus
and the testing set consists 25% of the corpus. In his work, different experiments are
conducted for three types of taggers namely the HMM tagger, the rule based tagger and
Hybrid tagger. Accordingly, 89.13 %, 91.8% and 95.88% performance for HMM, Rule

based, Hybrid are obtained respectively.

As we have seen, most of the above related works were conducted using hybrid approach,
in these languages conducting the research achieves better accuracy rather than using
single either HMM or Rule based alone. So, using this approach performs better accuracy.

Generally, the above related works are summarized as follows in the following table 2.1.
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2.4 Summary of Literature Review and related Work

Table 2.1: Summary Literature review and related Work

Approaches Used methodology Corpus used Implementation Experiment result
Hybrid approach | -Uses the hybrid approach | -Uses 26, 000 words for training | -Python -HMM tagger: 89.13 %
[14] (Rule based approach and | (75%) and testing (25%) programming - The rule based tagger: 91.8%
Stochastic based approach) to | purpose. language - Hybrid tagger: 95.88%
develop a POS tagger for
Tigrigna language
HMM [44] -Part of speech tagging for | -Uses Unigram and Bigram -Java -First evaluate the tagger with 20% of untagged
Afaan Oromo language with | models of Viterbi algorithm and | programming training set for correcting tagger errors.
HMM based approach. with 159 sentences or 1621 language -Finally, uses ten- fold cross validation and
distinct words. performance evaluation: unigram (87.58% ) and
bigram (91.975% )
A Composite | -Use rule-based and statistical -Used 7200 sentences. from the | -Visual basic -They perform three experiments by using
Approach approach 7200 sentences, 6000 (85%) of programming different parts of the corpus.
for POST -1t also use morphological and | the corpus used for training and | language -They have got an average of three experiment
Turkish [4] words position features. the remaining 1200 (15%) of the accuracy of 82.26% for system with statistical

sentences are used to testing

data and 66.73% for system without statistical
data.
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CHAPTER THREE
LINGUISTIC PROPERTY OF GURAGIGNA LANGUAGE AND
TAGSETS PREPARATION

3.1 Overview

This chapter discusses about different variation of Guragigna language, phonology of
Guragigna which is fundamental component of the language, the structure of Guragigna
word classes, and sentences since each of these parts has its own impact on this study.
Finally, at the end of this chapter we will discuss tagsets of the language that are used for

this study.

The language spoken by Gurage people is known as Gurage language. The variations
among these languages are used to group the Gurage people into three dialectically varied
subgroups: Northern, Eastern and Western. The Gurage people speak six separate
languages namely Sodo or Kistana, Zay, Inor, Mesmas, Masgan, SBG (Chaha), all
belonging to the Southern subdivision of the Ethiopian Semitic languages that are listed
in summarization form in appendix B. The languages are often referred to collectively as
"GURAGINYA" by other Ethiopians. According to the 2007 national census, fluent
Language speakers of Guragigna is 6.8 million people. This is 5.53 % of the total
population of Ethiopia. The languages are transcribed with the Ge'ez script or Ethiopic
writing system and subset of Guragigna language script has 40 independent glyphs which
is described in appendix A. Currently the speakers of Gurage language is distributed
through Ethiopia and the language becomes growing from time to time. Although,
literally rate of the language still not grown well. But some works are done with the
language. For example keyboard for Guragigna language [16].Textbooks for grade one
up to four, Fiction books, new testimonial holy bible and some organizations at Gurage
zone uses the language. Moreover, Walkite University is proposing to open Gurage
language at degree level.
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In this thesis work, SBG is selected to develop POST. The rationale behind choosing
SBG (chaha) language is due to high rate of literacy compared to other category, large
population or fluent speaker of the language, the growth rate of language and current
usage of the language dominated at Gurage zonal organization, walkite radio station etc.

3.2 Guragigna morphology

Like other languages, Guragigna language has its own linguistic property.

In the following section, we will discuss consonant and vowels of the language and
basics of phonological process which makes different from other Semitic languages.

They play great role for the language.

3.2.1 Consonants and VVowels of SBG

SBG has a typical set of phonemes for an Ethiopian Semitic language. The language has
a usual set of ejective consonants as well as plain voiceless and voiced consonants.
However, the language also has a larger set of palatalized and labialized consonants than
most other Ethiopian Semitic languages. In addition to the typical seven vowels of other
Semitic languages, SBG has open- front and back vowels. Some of the dialects have both
short and long vowel phonemes, and some have nasalized vowels. The Table 3.1 and
Table 3.2 below shows that the details of SBG phonemes (consonant and vowels).
Table 3.1: SBG Consonants

Consonants
Labial Dental | Post- | Palatal Velar Glottal
Plain | round alveolar plain | round
Nasal M mv n

Plosive/ Voiced B b d g g g gv
Affricate | Voiceless P p¥ t ¢ kr k kv

Ejective t ¢ kr k kv
Fricative | Voiced z Z

Voiceless F v S $ XY X XV H
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Table 3.2: SBG vowels

Vowels

Font | central | Back

High | a /il U

High-Mid | E 0

Low-Mid £ A

Low A

All Semitic languages have complexity of morphology characteristic in the verb.
Moreover, SBG exhibits another level of complexity because of the complex relationship
between the set of consonants in the root of a verb. And how they realized in a particular
form of that verb or a noun derived from that verb. For example, let us see the following

table 3.3 which shows when the verb changed into perfective and impersonal of SBG.

Table 3.3: Derivation of Verb

Verb ‘open’ Root word {kft} Description

third person singular kafata-m. (he opened) Perfective of Chaha

masculine of Chaha 'kafvac-i-m' (he was opened) Impersonal of Chaha
3.2.2 SBG phonological processes

Gemination: In most Ethiopian Semitic languages, gemination (consonant lengthening)
plays a role in distinguishing words from one another and in the grammar of verbs. For
example, in Amharic, the second consonant of a three-consonant verb root is doubled in
the perfective: {sdb} 'insult’, sdddab& 'he insulted'. But in SBG as unlike Amharic the
second consonant becomes t in the non-geminating dialects: s&tafa-m 'he insulted'. This
indicates that gemination is replaced by devoicing; only voiced consonants can be
devoiced [45].
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The following figure 3.1 shows that how the Guragigna voiced consonant can be

devoiced or geninationed.

{b/ﬂ—»p,d—ﬂ,gak, b*—>pv g -k, g — k', 1—5S,Z—3. ]

Figure 3-1: SBG Gemination

Labialization: Several morphological processes cause consonants to be labialized
(rounded). For example, in SBG verb {gkr} 'be straight', there is the derived adjective

g¥okvar 'straight'. Labial and velar consonants can be labialized [46, 47].

The following figure 3.2 shows that how consonants can be rounded or labialized.

[p_)pwlb—)bwlﬁﬁwff—)ﬁvfk—)kw”kﬁkw’g—)gw’x_)xwy' ]

Figure3-2: SBG Labialization

Palatalization: like labialization, several morphological processes cause consonants to
be palatalized (sound change). For example, the second-person feminine singular form of
verbs in SBG that are similar with Amharic: {kft} 'open’, tokdft 'you (M.) open', tokdfc
'you (F.) open'. Dental and velar consonants can be palatalized [47, 48].

The following figure 3.3 shows that how the consonants can be palatalized.

[t—>é,z—>é,d—>g,8—>s“,2—>z“,k—>ky,k—>ky,g—>gy,X—>xy. ]

Figure 3-3: SBG palatalization

To represent the palatalized consonants not found in Ge'ez, Amharic, or Tigrinya,
modified characters were introduced to the script, such as using wedges on the tops. The
original use of this was done in the New Testament published by the Ethiopian Bible

Society, then for the entire Bible; it has now become generally adopted.
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3.3 Guragigna Sentence Structure

Linguistics defined sentence as; a textual unit consisting of one or more words that are
grammatically linked. When viewed from structural point of view, it is a result of the
combination of two phrases NP and a VP as its immediate constituents. They can also
include words grouped meaningfully to express statement, questions, exclamation,
request, command or suggestion. Moreover, the meaning of sentence is analyzed form the

meaning of individual words and the way they arranged.

Various languages classify sentence depending on their purpose, structure and so on. In
Guragigna language sentence can be classified based on the number of verbs they contain
in sentences. Those are simple sentence and complex sentences.

v A simple Guragigna sentence: Those are sentence types that consist of subject and
one verb. For example, v+ o4019°/ he come. In this example, the verb is @hi9°
(come) and the subject going to express the verb is vt (he).

v' Complex sentence is a sentence contains two or more clauses and at a least one clause

is made dependent by subordination.

3.4 Word Class of Guragigna

Every language has its own forms of sentence construction system and rules. This implies
that arrangement of words with sentences can be varied from language to language; even
if the required information from the provided sentences was the same. However, similar
to most of other Semitic languages, Guragigna sentence have word order form of SOV
(Subject-Object-verb).

We put words into categories or lexical groups, according to how they work within
phrase, clause or sentence. Word class of Guragigna language can be divided into two
broad categories. Those are closed class type and open class type. Closed classes have
relatively fixed membership for example pronoun, preposition, and conjunction and so
on. Generally, they are functional words or grammatical words and they serve to link up
open class words in longer meaning structure. They are very short, occur frequently, and
play an important role in grammar [30]. By contrast open class is a type that larger

numbers of words are belongs, and new words are continually coined or borrowed from
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other languages. Noun, Verb, Adjective and adverb are some examples of open class
category. The main criteria to determine category of given word are the meaning of the

word, the form of the word and environment of the word in a sentence [10].

Generally, in this study five open classes are identified that are Noun, Verb, Adjective,
Adverb and Numbers. And five closed class are identified. These are Pronoun,

determiner, Preposition, Conjunction, and Interjection.

In terms of group, we group them into ten common or main word categories and six sub

word categories that are described below.

3.4.1 Noun and Its Subclass

Noun is the name given to the lexical class in which the words for most people, places, or
things occur. But since lexical classes like noun are defined functionally rather than
semantically, so some words for people, places, and things may not be nouns and
conversely some nouns may not be words for people, places, or things [30]. Guragigna
nouns, like English are words used to identify classes of people (for example Fitsum), or
idea (for example love), things (for example Book), place (for example Bahir Dar).We
can use nouns in different ways or functionality for example Aédmé? ect7 (fast

runner).In this example, the noun is €7 (runner) because it refers to person.

Traditionally nouns are classified into proper nouns and common nouns [30]. Proper
nouns are names of specific persons or entities like Y4/Hana, b6 /Kitfo, evch-+ /Markato
etc. And common nouns which are used to call group of things that share common
properties however it is not used to all specific things. They are also divided into count
nouns and mass nouns. Count nouns are those that allow grammatical enumeration; that
is, they can occur in number both the singular and plural (m./ ‘goat ‘/goats‘Mg’) and they
can be counted (Atm./ ‘one goat’). Mass nouns describes composites or substances and
used when something is conceptualized as a homogeneous group. For instance, ati(salt),
as(wheat), Hé-01(rain) and so on.

In this thesis work, we identify general one noun class and two subclasses of noun which

are described below.
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v" Nouns such as common nouns, concrete nouns, abstract nouns etc. That can be
classified or tagged commonly as NN. Examples are: 9390 (food, Common noun),
¢ (arawit, Concrete noun), ete.

v" Nouns that can be attached with preposition and can’t be separate from the noun.
Such nouns are classified as noun with position that can be tagged as NPREP.
Example: ng°an..

v Nouns that characterize the name of a specific person, place, thing, organizations, etc.

are tagged commonly as NP. Example £7%7%4/ our language.

3.4.2 Verb and Its Subclasses

The Verb is a word that tells us the state of doing or being. A sentence without verb
cannot give a complete meaning. So, Verbs are the most important part of any text almost
in any language. A lot of words with other POS are derived primarily from verbs. They

represent action, command or assertions.

According to [14], there are two major approaches to identify verbs from other word
categories: syntactical and morphological approach. In the former case, verbs function as
predicates in a simple sentence and they are found at the end of a sentence. In the latter

case, they reflect grammatical categories such as aspect, mood and agreement.

In this study, we identified one general verb (V) class and one subclasses of verb (VP)

which are described below.

v' VP is subclass of verb that usually expresses time, location, and manner are
tagged as VP. Example na-nah (by people).
v Verbs that cannot classified under the above class are generally considered or

tagged as V. For example, .- (you said).

3.4.3 Adverb

An adverb is a part of speech, it is any word that modifies any other part of language:
verb, adjective (including numbers), clause, sentence and other adverbs except nouns;
modifiers of nouns are primarily determiners and adjectives. It specifies the location or

direction (for example here, Directional or locative), describe extent of some action (for
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example extremely, Degree), about manner of action (for example slowly, Manner),

describes about event or some action took place (for example yesterday, Temporal).

Like English, in Guragigna language modifiers of verbs or verb phrase usually expressed
by giving information: how the action occurs (manner); where the action occurs (time);
how many times the action occurs (frequency).

For more clarification, let as look examples of Guragigna adverbs that are exemplified in
table 3.4 below.

Types of | Manner adverb Frequency adverb Place adverb Time adverb
adverb
Example | 2t AtF® HChT9° 7 P F?Y hF1, 08 P°0T et o, AT 75 AR
L5am 9o [ VAR paogr:: KHOGe:
She spoke very loudly. We could I sometimes forget my wife's | There was Have you seen
all hear what she was saying. birthday. somebody hana today?

standing nearby.

Table 3.4: Guragigna adverbs

In this thesis work, generally, we identify adverbs in one common adverb class that are

described below.

v" Any form of adverb that appears in the sentence are tagged or considered as ADV.

444 Adjective and Its subclass

The word that describes or clarifies a noun in a sentence is known as adjective. Its main
purpose is to give clear explanation for noun and give us more information about people,
things or animal represented by noun or pronoun. It includes many terms that describe the
properties or qualities. Many languages have adjectives for the concept of color, age,

value and so on.

Like other languages Guragigna is usually describes nouns by giving some information
about an object’s behavior (for example @T./good’, Mée/bad), weight (for example
erec/fat, aa/thin, 7e/big, Aae/small), height (for example 2&/long, Asms/short) size,

shape, color (for example 2&/white, N4a/red) of the noun. For more clarification let us
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look the following example: v9° a7°cha L+ £4-0¢ which means “They live in a beautiful

house”. In this sentence the word g°cha is used as adjective that describes the house.

For tagging purpose of our work, we identify one general adjective class and one sub-

class that are explained below.

v An adjective that are tagged with preposition are considered or tagged as ADJPREP.
For example, ¢1¢1

v An adjective that are tagged with pronoun are considered or tagged as ADJPRON.
For example, Ah.avz-

v' Any form of adjective that are not classified under the above class are generally

considered or tagged as ADJ. For example, e+71h (reviled).

3.4.5 Prepositions

Prepositions are words that don’t convey any meaning alone unless they are attached with
other basic classes like noun, adjective, adverb, etc. In constituent of structures, their
position may precede (preposition) or follow (postposition) the word category in which
they form a syntactic unit. Their role is expressing relationship or association among

things, person, event or others.

In Guragigna language prepositions are placed together with verb, noun, or pronoun.
Examples of preposition and postposition in this language includes: 7 (as), ¢ (to), nat
(below), t6.& (above) a (by) and so on.

In this thesis work we identify preposition as only general class that are described below:

v Any form of preposition that appears in the sentence is generally tagged as PREP.

4.3.6 Pronoun and Its Subclasses

As linguistics defines, pronoun is a word that substitutes for noun or noun phrase. It is
used to create inference for a given text to refer the preceding sentence. Additionally,

when name of thing is not known explicitly, pronouns are used to convey message.

There are different categories of pronoun, that includes personal pronoun (for example

he, I, we, she, they), demonstrative pronoun (for example this, that, these, those),
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possessive pronoun (for example mine, our, your, his), reflexive pronoun (myself,
oneself). Like other languages Guragigna also share some of the above-mentioned
characteristics. Let us see the following Guragigna personal pronouns listed below in
table 3.5.

Table 3.5: Guragigna pronoun classes

Person Singular Plural

1% 18(1), Fu-(me) 25 (we), 257 (us)
2" vg® (you) vg® (you)

3™ v~t(he,she), Z-+(she/her, it) U-1U$/They, them

With absence of pronoun we have to repeat nouns in sentence or communication but that
make our speech or text unstructured. Most pronouns are very short. Consider the

following example shown below in table 3.6 which is pronoun replace noun in the

sentence.
Table 3.6: pronoun replaces nouns
Noun Pronoun
€&.9° PnIOLAHC AL70 TS M:: Ut ChPPL@eAC AT FTI s
Fitsum is computer science student. He is computer science student.

In this the above in table 3.6 shows that pronoun which is v~t reference as the nouns
which they replace &2.9°. Generally, in this study, we identify pronoun into one general

class that are tagged as PREP.

3.4.7 Numerals

Numeral includes a word that refers to number or quantity of something. They can be
classified as cardinal number and ordinal numbers. Cardinal number refers to the
counting numbers because they show quantity. For example, A+ (one), Tt (two), advt
(three), acat (four) are cardinal numbers. On other side Ordinal number tells us the
order of things and their rank. Examples of ordinal number are 471 (first), 71 (second),
aaty (third)acrti(fourth) and so on. As seen from this example Guragigna ordinal

number adds suffix -7 at the end of word.
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v In this thesis work, we identify two sub classes class of numeral that is represented with
ORDNUM and CARDNUM that means ordinary number and cardinary number

respectively.

3.4.8 Punctuation

The Guragigna writing system uses some homegrown punctuation. For example, arat
netib(:), dirib serez (%), netela serez () and foreign or borrowed punctuation mark such
exclamation, question mark etc. The punctuation that is used in this work described
below in table 3.7.

Table 3.7: Guragigna Punctuation

No. Punctuation Mark Symbol Purpose

1. | Arat netib (full stop) | # Marks end of a word and at the same time

the end of a sentence.

2. | Dirib serez (colon) H Used to connect two sentences, clauses.

3. | Hulet netib (comma) Separate individual words in a sentence.

4. | Question Mark ? Marks the end of an interrogative sentence.
(Tiyake milikit)
5. | Exclamation ! End of emphatic declaration or command.

(Kale agano)

6. | Quotation mark G Used at the beginning and end of words
(Timhirte tiks) © that is being quoted.
7. | Preface colon - Introduces speech from a descriptive prefix or

beginning of list mark.

v"In this thesis work all punctuation words and other unique symbols are assigned
tag are PUNC.

4.4.9 Interjection Class

Like English, Guragigna has many words or phrases that are used to express sad

emotions or strong feeling like sudden surprise, pleasure, annoyance and so on. Words

30

——
| —



that are used for such purposes are called interjections. For example, words like ®! oh,+!
(go8! ‘Good job!”), so on are common interjections in the Guragigna language. They can

stand alone or can appear anywhere in a sentence.

v In this work; we identify interjection as a one general class that is tagged with
INT.

3.5 Guragigna tagsets

The detail description of word categorization in Guragigna was described in the previous
section. However, in this section the actual tagsets® which is used in this thesis work are
determined and discussed. As far as the researchers’ knowledge is concerned, there is no
publicly available tagsets for Guragigna language. In order to identify and develop
tagsets, the researchers have made interview questions that are show in appendix E and
discussion with Guragigna language professional Ato Bahiru Lilaga (from Gurage zone
linguistic and culture communication officer) and Ato Getinet who is an instructor in

Walkite University.

In this work, we classified the tagsets as basic classes and sub-classes. The basic classes
are noun, verb, adjective, pronoun, adverb, preposition, Numeral, Conjunction,
Interjection and punctuation is considered that are described below. In addition to these
different sub classes of Guragigna language are included. Generally, we summarize the

overall tags that are used in this work described in the following table 3.8.

'tagsets refers to a collection of tags which is used to mark word classes of a text corpus
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3.6 Summary of Guragigna tagsets

Table 3.8: Summary of the Guragigna tagsets

T.N Basic Class Derived Class Description Examples

1. N Noun aoch-+(Merkato), hte(Kitfo)

2. Noun (NN) NPREP Noun with preposition agean.(with example)

3. NP Noun Phrase P07

4, Pronoun(PRON) PRON Pronoun Ke(1), &5 (we), vg°(you)etc.

5. Verb(V) Vv Verb LICE

6. VP Verb phrase DLDLI®

7. Adjective(ADJ) ADJ Adjective o', (good), M¢e (bad), 24 (long)

8. ADJPREP Adjective with preposition Prel

9. ADJPRON Adjective with pronouns Anav

10. | Adverb(ADV) ADV Adverb artge (loudly), A2+1. (sometimes), ao¢- (nearby),

‘A, (today).

11. | Preposition(PREP) PREP Preposition 91 (as), ¢ (to), nar (below), t+64(above),n(by)
12. | Numerals(NUM) NUMCR Cardinal Number At (One), et (Two), advi (Three).

13. NUMOR Ordinal Number a2 (first), Ted 1 (second), ad-tt (third).

14. | Conjunction(CONJ) CONJ Conjunction B°

15. | Interjection(INT) INT Interjection o! (gosh!)

16. | Punctuation(PUNC) PUNC Punctuation marks

17. | Unknown(UNK) UNK Unknown word

]
32 J

——




CHAPTER FOUR
DESIGN OF GURAGIGNA POS TAGGER

4.1 Overview

Part of speech tagging is often used as a prerequisite for more complex NLP applications
such as information extraction, syntactic parsing, machine translation or semantic field
annotation etc. [13]. Guragigna POS tagging is a method of assigning a specific
Guragigna part of speech tag to each word in a sentence to disambiguate the function of a
word in the specific context. As discussed in section 2.2, in this work hybrid based part
of speech tagger is used which uses lexical and contextual rule to assign given POS. This
POST at the start uses statistical technique to extract information from training corpus
that use program to learn rules which reduces the fault that introduced by the statistical
mistake [23].

Generally, in this chapter, we will discuss the detail description of design issues and
techniques of Guragigna POST and the algorithm that are used to design for HMM
tagger. The rule based tagger used in this work also discussed. Finally, the architecture,
algorithm used for Hybrid taggers are described. And at the end of this section summary

of the chapter will be described.

4.2  Approach and Techniques

During assigning part of speech for the words, there are problems that might occur in
tagging of POS. These problems can be solved using different approaches. For example,

using HMM approach, ANN approach, Rule Based approach and hybrid based approach.

As discussed earlier in section 2.2.1, 2.2.2 and 2.2.3using of separate approach either of
HMM, ANN or rule based approach may have their own drawback. However, it is
possible to improve the performance of tagger by combining of two approaches [14, 12].
The reason is that they gain shared benefits from individual approaches.
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The main aim of this thesis work is overcoming the problem mentioned above by
combining two approaches. In this study, HMM and hybrid approach are used and will

show the performance of combining tagger is better than single HMM tagger.

During the process of tagging with statistical approach, extracting the statistical property
at training phases are done in order to label word with their part of speech tag. One of the

most widely used statistical approach for POST is HMM approach.

4.3 Design of HMM tagger

A Hidden Markov Model is a probabilistic or extension of finite state machine that used
in speech and language processing. Markov chain is useful when we need to compute
probability for sequence of event that we may observe in the word. The events we are
interested in may not be directly observable in the world. For example, in part-of speech
tagging we do not observe part of speech tags in the world; what we know are the words,
and had to deduce the correct tags from the word sequence. So, the hidden part is called
as part-of speech tags because they are not observed. The HMM allows both observed
model events (like words that we see in the input) and hidden events (like part-of-speech

tags) that we think of as causal factors in our probabilistic model [49].

States in HMM can be represented by the set S = {S;, Sy, ..., Sp} which are invisible part.
So, what visible is a set of Observations O = {O4, Oy, ..., O} that are the result of the
machine moving from one state to the other. The probabilities of the machine starting in
one of the states S;jis specified by the one-dimensional matrix IT of size n. The
probabilities of the machine moving from one state to another is specified by a two-
dimensional matrix A of size n*n. Finally, the probability of an observation being
observed when the machine is in a certain state is given by the two-dimensional matrix B

of size n*m. Formally HMM can be characterized by [46]:

H=f(II, A, B)
Where:
v' H=The HMM
v II = Start probabilities. The element II; represents the probability that the HMM

starts a sequence in State S;, where i in (0...n-1).
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v' A = Transition probabilities. The element A;, j represents the probability of a
transition from State S; to State S;, where i and j in (0...n-1).

v' B = Emission probabilities. The element B;, ; represents the probability of an
Observation O; occurring while the machine is in State S;, where i in (0...n-1) and j
in (0...m-1).

v"n = Number of states (tags in our case).

v"m = Number of unique observations.

As stated in section 1.1 the main objective of POS tagging is to tag each word of a
sentence with its appropriate part-of-speech tag. However, some words can be
unambiguously tagged. The fact that the word exists in the sentence is known. Though,
the POS for the word is unknown. Therefore, the HMM built for POS tagging that

models the words as visible observations and the set of possible POS as the hidden states.

As far as POS tagging is concerned, the main problems that can be solved by HMM are
finding the most likely state sequence for a given observation sequence. This is useful for
word sense disambiguation (WSD). So, we can tell the most likely POS that a particular
word in a sentence belongs to. These problems are solved using the Viterbi algorithm that
will be briefly discussed in section 4.3.2. Before Viterbi algorithm let us discuss how the
HMM are trained.

4.3.1 Training HMM Tagger

The training phase of the tagger starts first by running the tagged corpus. Then splitting
tagged corpus take place. In order to separate out the word, tags and preparing for
probability calculation tokenization module performed. So, given a sentence by using of
words w1, W,, Ws...W, the tagger need to finds the set of tags. So, this is can be performed

using equation 4.1 given below.

P(word|Tag) (4.0)

Where,
v' P (word | Tag): Is the probability of a word being assigned a particular tag from the

list of all possible tags for the word (most frequent tag).
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Tokenization at word level is done for the purpose of estimating transition (contextual)
and emission (lexical) probability for preparation of probability tag sequence. The

transition probability is calculated using the following equation 4.2.

C(ti —1,ti)

P(tilti = 1) =77y (4.2)
Where,
v P(ti|ti — 1): Probability of tag given previous tag.
v’ C(ti|ti — 1, ti): Count of tag sequence t;-1, t; in the corpus.
And the lexical probability is calculated using the following formula.
Lo Clwiti)
P(wi|ti) = e (4.3)

Where,
v' P(wi|ti): Probability of tag given previous tag.
v’ C(wi, ti): The count of word i C(w;) is assigned to tag C(t;) in corpus

After transition probability and likelihood probability calculated, it given to viterbi matrix
calculator to calculate the probability of the most-probable path of tags sequence in a

given corpus that described in the next section.

4.3.2 The Viterbi algorithm

The optimal sequence of part of speech tags for a given sequence of words in an input
sentence to be tagged can be found using the Viterbi algorithm [34, 8, 17]. The Viterbi
algorithm is a dynamic programming algorithm that finds the optimal path in the tagging
process. In simple terms, the Viterbi algorithm calculates the probability of all possible
paths of the word tag pairs in the input sentence. Afterwards, it selects the path of the
word tag pair with the highest probability to be the best path [34, 17]. It uses the lexical
and contextual probabilities obtained from the lexical and contextual model to find the
best path.

As stated by [30], Viterbi algorithm performs tagging processes in three steps which are

initialization, iteration step and sequence step. The following algorithm shows how the
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three steps are performed in Viterbi to return best path state sequence. The Viterbi

algorithm used for HMM tagger is described below in figure 4.1.

Function VITERBI (observations of len T,state-graph of len N ) returns best-path
create a path probability matrix Viterbi[N+2, T]

for each state s from 1 to N do // nitialization step

viterbi [s,1]€a,, *b (O,

backpointer [s,1]€ 0

for each time step t from 2 to T do // Recursion step

for each state s from 1to N do

viterbi [s, t] €max S,Ii1Viterbi [s" t-1] * a,, *b (0,)

S
backpoi < N Viterbi [s, t1] *
ackpointer(s, t]<max ,_, Viterbi [s, t-1] *a,

Viterbi [q, T] €max s N=1 Viterbi[s,T] * a,q; /| Termination step

Backpointer[qF,T]éaT'ngaZS N=1Viterbi [s,T] *a,q; // Termination step

return the backtrace path by following backpointer to states back in time from

Backpointer/q,, T]

Figure 4-1: Viterbi algorithm for finding optimal sequence of tags
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In general, the working principle or architecture of HMM tagger is described below in

figure 4.2 using diagram with its detail description.

Tagged Guraziena
Corpus/Training Set

[ Sentence Splitter 1

<k

Sentence Word Tokenizer }
Tokenizer

S 7 — _IJ

Compute Lexical Compute Contextual Tagsets
—l—l-l'"-—_

nyuam i ey Sfassaonadar g

Probahilities Probahilities
= 2
ﬁ lﬂmnnthing Technigue J { Smoothing TEI‘:'].I].ianJ
g ~= < b = Manually tagged
{ ViterbiPath Finder ] testset
==

Maximum Probabilty Tag
Sequence

Figure 4-2: HMM Tagger Model
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In the above figure 4.2 the training corpus that is tagged with Guragigna text is an input
to the model. Next, the tagged Guragigna corpus is given to sentence splitter module in
order to prepare it for the training at sentence level. Afterward, the segmented sentence is
given to tokenizer for splitting each sentence to token level. After each sentence is

tokenized in to word, the lexical and contextual probabilities are computed.

Before training the tagger, the computed probability must be smoothed in order to
address the poor estimation due to variability in small datasets, words which are not in
vocabulary, the designed system required cautious handling of such small numbers and
zero probabilities at various points. First, propagating and multiplying partial
probabilities in the induction step of Viterbi lead to number under flows. In order to
eliminate this problem, the Laplace smoothing is being used after computing the

transition and lexical probabilities.

It is smoothing technique which adds one to all counts before computing the lexical and
contextual probabilities. Later, maximum probability of tagged sentence computed. And
finally, the annotated sentences that are trained in the tagger can be evaluated with

manually tagged test set or reference with the help of evaluator.

4.5 Design of Hybrid Tagger

As discussed previously in section 4.1 for this study hybrid tagger is used. It consists of
HMM tagger and the Rule based tagger. At the starting HMM tagger acts as an initial
tagger for hybrid tagger. In order to train, the tagger accepts tagged training set and

unstructured tagsets. In addition to this unlabeled Guragigna test sets are an input.

From unstructured tagsets (containing of tags, their description, examples) we need only
tagsets for sake of training. This can be done by jumping the line before equal to sign.
Since tagsets are written in form of tags then equal sign and followed by their description

and example in a line.

The tagsets are used as unique column for contextual model. Each individual tagsets
placed horizontally and vertically in the form of matrix. Then it cheeks which tags with

whom it occurs and how many times. So, the view of the HMM tagger is considered as
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an application that takes annotated raw corpus in addition to unstructured tagsets file. But
first the HMM tagger split the tagged training set using space. After annotated row
corpus processed by the sentence splitter module and tokenizer module in preprocessing
components as input it gives to contextual model. Similarly, structured tagsets are pass to
lexical model in order to train for the sake tagging process for later use as an input during
the tagging of new text. Before passing initial parameters to Viterbi algorithm, lexical
model is generated based on unlabeled test set and tagsets from HMM tagger module.
Based on the output of contextual and lexical model the Viterbi algorithm gives us tagged
Guragigna text. This tagged text is in form of tag sequence and can be input for rule
based tagger. The rule based tagger accepts another input which is manually tagged. Next
it cross checks tag sequence with manually tagged text. If there result not match with
specified condition compared to manually tagged test set, then the rule will be applied.
Finally, the rule based tagger produce optimal tag sequence that are again checked with

manually tagged test set with help of evaluator.

The high-level view architecture of the hybrid tagger used for this work is given below in

figure 4.6.
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Figure 4-3: Architecture of the hybrid tagger
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Algorithm for Hybrid tagger are shown below in figure 4.7

1. Get HMM Model Tagger

Read raw text

.

Tag the raw text using HMM tagger
Get HMM word to tag sequence

Split sequence to word/tag pair

o U A oW

For each word/tag pair Loop
6.1. If apply Rule sequence (model-word-tag-pair,)
6..1.  Predict possible Category (Word, Tag)
6.2.Else
6.2.1. Continue;
7. End Loop

8. Generate Optimal Tag sequence

Figure 4-4: Algorithm of Hybrid Tagger for Guragigna Language

46 Summary

POST is the process of marking up a word in a text (corpus) with corresponding
particular part of speech. All through during assigning part of speech there are problems
that occurs in tagging with their appropriate POS, these problems can be solved by using
different approaches such as HMM approach, Rule Based approach and hybrid based
approach. However, each approach alone has pros and cons. For sake of part of speech
tagger with possibly a higher performance of tagging is desired, there is a need to take the
advantages from two or more different approaches thereby remedying the shortcomings

of the approaches. In our work, we use statistical and rule based approaches.

The statistical approach obtains the statistical properties of words in the training phase to
label words with their correct part of speech. One of the most widely used models in the

statistical approach for POST is the Hidden Markov Model. The main goal of this model
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is to assign an optimal sequence of part of speech tags to a sequence of words in a given
sentence. The problem of finding the optimal sequence of part of speech tags to a
sequence of words can be done using Viterbi algorithm. Therefore, the Viterbi algorithm
is adapted for this Hidden Markov Model constituent of the tagger.

Rule based tagger uses a set of rules as a basic component of the tagger. Rules can be
constructed either manually using linguistic professionals, or using data automatically
learning by the machine i.e. the rule is induced directly from the training corpus without
human intervention or expert knowledge. Constructing rules manually are time
consuming, labor intensive and it requires linguistic expert that has deep knowledge of
the concerned language. However, deducing rules automatically is simple and easy but it
may result rules that don't represent morphological and syntactic property of the
language. In this thesis work we use rules that are constructed using linguistic

professional.

A hybrid approach combines the best properties of these two approaches to get better
accuracy. The HMM based tagger first tags the Guragigna sentence and tag words based
on the most probable path for a given sequence of word. Then the HMM tagged word
sequences are given for the rule based tagger for correction based on predefined test of

rules.
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CHAPTER FIVE
IMPLEMENTATION AND PERFORMANCE ANALYSIS

5.1 Overview

In this chapter, we will present the detail implementations of Guragigna POST and
experiments conducted in this study. The sections are organized based on the flow of task
described in the architecture. First, we will give a brief explanation regarding of corpus
used. Next, we will discuss how the component in each phase implemented starting from
preprocessing phase to tagging. Finally, the performance evaluation will be discussed
based on the experiment analyzed.

For sake of implementation, Java programming language is used for implementation of
HMM and Hybrid tagger. Rationale behind choosing of java programming language is,
relatively richness with natural language processing in built model than other
programming language like C++ and .NET. The main benefit of java is that it can be used
to create platform independent application. In addition to that any computer or mobile
device can able to run java virtual machine with application, freely available on internet
and has a lot of libraries [38, 48]. And CRF++ are used for implementation of CRF
tagger. The reason to use this tool is a simple, customizable, and open source toolkit of
conditional random field for segmenting or labeling sequence of data [52].

5.2 Corpus preparation

According to different scholar’s corpus can be defined in various ways. However, as
linguistics defined it is a collection of linguistic data, either compiled as written text or as
transcription of recorded speech. The main purpose of corpus is to verify a hypothesis
about language. For example, to determine how the usage of a particular sound, word, or

syntactic construction varies [53].

Specifically, corpus having additional linguistic information is called as annotated or
tagged corpus that can have part of speech information, sentiment information that
specify the word class category and corpus without linguistic information are called
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unannotated corpus [49]. Annotated corpus can be used in many NLP applications such

as part of speech tagger, parsing, sentiment analysis and so on.

Also we can classify corpora into two based on their genre. Those are balanced corpus
and category specific corpus. A balanced corpus must contain or represents all domain of
the language such as text of news category, fiction category, editorial category, scientific
category, academic category. Developing of balanced corpus increases the performance
of tagger but getting this all different domains areas needs time, effort/skills of language
experts and money. Category specific corpus as its name implies specific category of
domain [14, 32].

As far as researcher knowledge is concerned there is no corpus developed for the
Guragigna language. In this thesis work, dues to considering the above difficulties, we
collect only from two domains. First, from Guragigna fiction called ¢s&ao-t i [54] and
secondly from editorial domain category. For this study, we used 4613 words collected
from fiction and 2132 words from editorial domain. All data are tagged manually with
help of linguistic professional. Totally 6745 words or 307 sentences are collected for

training and testing.

To prepare corpus for the study, the collected data are given to linguistic professional for
sake of tagging texts manually. During tagging process seventeen (17) tagsets are
identified as discussed in section 3.5. Then, finally these manually tagged corpus are used

for training and testing.

After tagging the text manually, for the experimentation, the entire corpus is divided into
90% for training that is consist 276 sentences and 10% that is 31sentences used for
testing purpose. The reason to choose 90:10 is relatively having of a small data set.

Sample corpus tagged and untagged data are shown in appendix D.

5.3 Preprocessing component

As discussed in section 4.3.2 preprocessing components have mainly two modules.

Namely sentence tokenizer and sentence splitter modules.
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Before starting preprocessing, tagged corpus is needed as an input. The corpus may or
may not transcribe in Latin script. But in this work no need of transcribing the corpus into
Latin script. The reason is that the corpus is readable by machine. Since the machine
supports UTF-8.

Initially the corpus reader java class reads the tagged file from specified location for
purpose of processing by splitter and tokenizer module. After reading the file it gives to

sentence splitter.

Then the sentence splitter takes corpus and split it based on Guragigna end marker that
are one of from the characters ‘x’, “?°Or ‘!’. Another task of sentence splitter is accepting
unstructured tagsets which contains tag, description, and example and extracts tags from
the file. The purpose of extracting tagsets is for the sake tagging process for later use as

an input during the tagging of new text.

For language processing, we need to break up the corpus into word and punctuation level.
So, this task is performed by tokenizer module. Tagged word or punctuation was tagged
in the form of word or token and its corresponding tags during training phase. Here the
word and its POS are separated using forward slash character (/). This provides the tagger
to compute statistical information for both word and part of speech tags. Then it extracts
each line from corpus by looping through all files in the given folder since each line is
stored as a sentence. This preprocessing component (tokenization) is done during training

as well as the testing phase.

54 Implementation of HMM Tagger

The probabilities used by the tagger are calculated from the tagged training corpus. There
are two probabilities that are used by the tagger. These are lexical (emission probability)

and transition (contextual probability).

Lexical probability indicates that p (wi/ti) . Thisrepresents the probability of given a tag
that will be associated with a given word i.e. the probability of a word being assigned
particular tag from the list of all possible tags. It can be estimated by computing the

relative frequencies of every word per category from the training annotated corpus. All
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statistical information, that enables to develop probabilities, are derived automatically

from a hand annotated corpus (the lexicon).

For example, to find probability of Hv to be determiner: P(Hu/DET)

C (1, DET)=11,
C(DET) =150 so,

count(nv/DET) _ 11
count(DET) 150

p (v, DET) = =0.073

Where, C and P are count and Probability Respectively.

The following table 5.1 shows that sample word taken from corpus. This describes given
probability of word with respect to their correspondence and computed lexical probability

of word for specific part of speech category.

Table 5.1: Sample Lexical Probability

Word with given probability Probability
P(1v/DET) 0.073
P(¥tu-79°/V) 0.000532
P(Aa.79°/ADJ) 0.002041
P(A-/N) 0.05423
P(&1/V) 0.015949

The transitional or contextual probabilities are the second probability that is used by the
tagger. It is computed as p (t/t-1). This is the probability of one tag or information of one
part-of speech category followed by other categories (n-gram). Where; t is part of speech
category. It is developed from training lexicon corpus. For this study, we use bigram
model. Let us see the following examples for more clarification that finds the probability

of verb given a noun:

Cc(V)=1881,
C(N,V)=1383,

_C(NV) _ 1383 _
P(VlN)——C(V) = e 0.735
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The following table 5.2 shows the probability of bigram category tag with given previous

tag and with corresponding of computed transitional probability.

Table 5.2: Sample Transition Probability

Bigram category Probability
P(V|N) 0.735
P(ADJ|N) 0.354
P(DET|AD)) 0.261
P(ADV|N) 0.363
P(PRN|ADV) 0.357

5.5 Implementation of Hybrid Tagger

As discussed in Design section 4.5, during implementation of hybrid tagger, the tagger is
consisting of the HMM tagger and the rule based tagger. The HMM tagger acts as an
initial tagger for the raw text of Guragigna to be tagged and gives corresponding tagged
output. The output of the initial state tagger is an input for the learning phase for rule
based tagger. During learning, if result is not matched with specific condition compared
to manually tagged test set, then rule based tagger corrects the output of the HMM tagger
by applying rules defined. Finally, testing is done. At testing, new unseen Guragigna
texts can be tagged in the trained tagger and cross check with the reference text (i.e.

manually tagged of the test corpus) for performance evaluation.

5.6 Experiment with HMM Tagger

In order to see goodness of training set ten different experiments are conducted. The
training of HMM tagger start by dividing the entire training set into ten equal sizes. Each
size is 10% of the total training set. The training starts with 10% of the entire training set
and measure the performance on test set. Next adding 10% of data into previous data
until training corpus is desired or 100%. For each training set the performance is
measured. The experiment is conducted with different portion of training set with their

performance measured. That is shown in table 5.3 below.
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Table 5.3: Experiment on HMM tagger with different portion of training set

Training set (%) 10% 20% 30% | 40% 50% | 60% 70% 80% | 90% 100%

Performance (%) 5483 | 58.04 |60.7 |61.21 |629 |6742 |69.33 | 728 | 73.86 74.46

Difference 0 3.21 266 | 0.51 1.69 | 4.62 1.81 3.47 1.06 0.7
Prev value-cur value

The experimental analysis of HMM tagger performance curve shows that during starting
of training with training set of 10% it gets the accuracy of 54.83 accuracy. Continue by
incrementing of the training data and measuring the performance. As we see from
experiment analysis in table 5.3 when the training set increases the performance also
increase. Finally, when the training data reached to desired the performance it gets
accuracy of 74.46.

Figure 5.1 below shows the performance curve analysis of HMM tagger. So, as we see
training set and performance are direct proportional. That means when training set

increase the performance of tagger also increases.

Performance Curve analysis of HMMTagger
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Figure 5-1: performance curve analysis of HMM tagger

5.7  Experiments with CRF
To train and test our data first we transcribe the geez script (Guragigna text) into
Romanization or Latin script. This is done only for experiment of conditional random

field. As discussed previously in section 5.1 the experiment is done using CRF++ tool. In
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this experiment we follow the same procedure during experimenting the only change is

tool used in this approach which is free and customizable as described in section 5.1. The

experiment conducted with CRF is shown below in table 5.4.

Table 5.4: Experiment on CRF with different portion of training set

Training set 10% | 20% 30% 40% 50% | 60% | 70% | 80% | 90% | 100%
Accuracy (%) 4798 | 49.66 | 52.01 | 54.15 | 57 58.74 | 61.33 | 62.14 | 65.07 | 66.56
Differences 0 168 |235 |[214 |285|174 |259 |081 |293 |1.49
(Prev value-cur value)

As shown in the above table 5.4 experimental analyses the result is decreased when

compared with HMM approach. The reason is that during translating the geez script into

Romanization or Latin script the characters which are found in the language doesn’t

recognized shown in appendix E and appendix F. So the tool only recognizes the Latin

script and ignores other four additional scripts.

The performance curve analysis generated for conditional random field is shown below in

figure 5.2.
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5.8 Experiment with Hybrid Tagger

In order to train hybrid tagger similar experiment with HMM tagger is conducted. The

experiment conducted with different portion of training set with respect to performance

measured in hybrid tagger is shown in table 5.5.

Table 5.5: Experiment on Hybrid tagger with different portion of training set

Training set 10% | 20% 30% 40% 50% | 60% | 70% | 80% | 90% | 100%
Performance (%) 59.03 | 62.74 | 64.21 | 64.98 | 67.6 | 70.5 | 71.77 | 75.01 | 77.69 | 78.12
Differences 0 3.71 1.47 0.77 262 |29 127 324 |268 |043
(Prev value-cur value)

As describes in section 5.4 the experimental analysis Hybrid tagger uses the output of

HMM tagger as input for Hybrid tagger. However, in hybrid tagger there is a little change

on performance when comparing with HMM. The reason is that we use common rules in

order to correct wrongly tagged in the HMM tagger.

So, Figure 5.3 shows that starting training with 10% of training set and gets the accuracy

of 59.03 and when increasing training set to desired level we get the accuracy of 78.12.

Performance Curve analysis of Hybrid Tagger
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Figure5-3: Performance curve analysis of Hybrid Tagger
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e Comparison of HMM and Hybrid Tagger
Comparison of HMM and Hybrid tagger using performance curve analysis are described
below in figure 5.3.
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Figure 5-4: Comparison of performance curve analysis on HMM and Hybrid tagger

e Comparison of HMM,CRF and Hybrid Tagger

As shown below in figure 5.5 the comparison of three taggers on the test set of data are

shown.
Performance curve analysis of HMM,CRF,Hybrid
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Figure 5-5: Comparison of performance curve analysis on three taggers on training set
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5.9 Performance Analysis

The experimental analysis of HMM tagger and Hybrid tagger developed in this work are
analyzed using frequency of tagsets. The frequency of tagsets that found in the total
corpus, training set and testing set are taken for analyzing the performance of Guragigna
tagger. Totally 17 tags are identified for the experiment. Depending on frequency of tags,
we divide tagsets into two groups. The most frequent tags that are 12 tags and the rest as

others.

The details frequency distribution of tags with total corpus, training set and testing set are
shown below in table 5.6.
Table 5.6: Tag Frequency

N.T | Tags Total corpus Training set Testing set
Tag In % Tag In % Tag In %
frequency frequency frequency

1 \Y 2013 29.84% 1880 271.77% 133 2.07%
2 N 1542 22.87% 1383 20.43% 159 2.44%
3 PUNC 954 14.14% 855 12.63% 99 1.52%
4 ADV 593 8.79% 504 7.45% 89 1.27%
5 ADJ 548 8.12% 495 7.31% 53 0.81%
6 INT 357 5.29% 329 4.86% 28 | 0.43%
7 CON 232 3.44% 115 3.18% 17 0.26%
8 PRON 192 2.85% 182 2.69% 10 0.15%
9 DET 150 2.22% 128 1.89% 22 0.34%
10 NP 49 0.73% 34 0.5% 15 0.23%
11 [ NUMOR 49 0.73% 42 0.64% 6| 0.09%
12 PREP 31 0.46% 26 0.39% 5| 0.08%
13 UNK 14 0.21% 10 0.15% 4 0.06%
14 VP 11 0.16% 6 0.89% 5 0.08%
15 ADJPREP % 6 0.09% 1 0.01% 5 0.08%
16 NUMCD g 1 0.01% 1 0.01% 0 0.0%
17 | NPREP 3 0.04% 0 0.0% 3| 0.05%

Total 6745 100% 6092 90% 653 10%
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In order to measure the performance of model on set of test data we use confusion matrix. It is table form of matrix that
contains information about test data and desired tags. To perform the analysis, it requires two parameters namely; reference tag
that are actual tag of each word supposed to be which are tagged manually and predicted tag that are basically what the tagger
generated using input of test data. For both HMM Tagger, CRF and Hybrid tagger confusion matrix are shown below in table

5.7, 5.8 and table 5.8 respectively with their description.
Table 5.7: Confusion matrix for HMM Tagger

Predicted test Tags o

N £

® o £
= 1213|5812 |5|a|3 |B|2 T |2
> |z | & < | < |Z |0 |&a a |z |z a | O A
Y, 119 | 7 4 2 |1 133 | 89.47
N 18 | 137 3 1 159 | 86.16
PUNC 99 99 | 100.00
ADV 3 |5 79 2 89 |88.76
ADJ 9 44 53 | 83.02
S [INT 1 |7 20 28 | 71.43
— [ 'CoN 4 11 |2 17 |6471
£ [PRON 2 8 10 | 80.00
% DET 6 1 15 22 |68.18
© [NP 3 11 1 15 | 73.33
NUMOR | 1 5 6 |83.33
PREP 1 4 5 |80.00
OTHERS |6 |1 10 |17 |s5882
Total 152 (17599 |85 |47 |20 |14 |11 |16 |11 |5 7 |11 | 653 |74.46

]
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In the above performance analysis, the confusion matrix of HMM tagger shows that total
tagged of 653 test sets 562 are correctly tagged. The remaining 91 are wrongly tagged.
The main reason for wrongly tagged is lack of balanced corpus, size of training and
testing data, incorrect labeling of words during preparing corpus.

For example, in the experiment analysis among 133 Verbs 199 are tagged correctly as V
and wrongly assigned 7 as N. Those are 0ZF9°, 16¢<8,, eavnc, £ 0é, 7, Fém.le, hE. 4
wrongly assigned as ADV. Those are €1, 4TC, AN T +4TE. 2 wrongly assigned as
CON and those are 2&, $e79°. 1 wrongly assigned as VP and that are gsa@@¢-. The
confusion matrix of HMM tagger shows that the order of performance of the tags as
PUNC, V, ADV, N, NUMOR, ADJ, PRON, NP, INT, DET, CON, PREP, OTHERS in
ascending order. Generally, the diagonal numbers show that test set that is correctly
tagged.
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The confusion matrix Conditional random field is shown in table 5.7 below with their description

Table 5.8: Confusion matrix for CRF

Predicted test Tags

bt

g

@) zZ DO: a &2 S

5 133 /5/8|2 |5 2|3 |82 |E|tg

> prd o < < Z &) o [a) 2 2 a 5 IE o E’\_,

V; 91 |39 1 |2 133 | 68.42

N 7 | 151 1 1 | 159 | 94.97

PUNC 99 99 | 100.00

ADV 3 |17 65 |2 2 89 |73.03

ADJ 11 2 |37 3 53 | 69.81

o [INT 4 24 28 | 8571
o

~ [CON 2 14 1 17 | 8235

g PRON 2 8 10 |80

*&5 DET 5 16 1 22 | 7273

NP 1 |3 11 15 | 73.33

NUMOR 6 6 | 100.00

PREP 1 4 5 |80.00

OTHERS 5 12 |17 | 7058

Total 102 [ 235 |99 |68 |41 |24 |14 |8 16 |12 |6 5 19 | 653 | 6656

.




The above table 5.8 shows the confusion matrix of CRF. As we see from above table 115 are
wrongly tagged and 538 are correctly tagged. The wrongly tags are mostly words that are not
transcribed in Latin scripts or having one letter that are not transcribed to Romanization in the
word leads to wrongly tagged. For this case wrongly tagged as default nouns word class
category. For example, yazoF, yoliros, yatowandk, yoto$oarrak, etc. are wrongly tagged as
default noun. The box in the word indicates that scripts that are not readable or not correctly
transcribed because of the tool doesn’t recognize this special characters of the language. This

experiment biases to the wrongly tagged words to noun.
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Table 5.9: Confusion matrix for Hybrid tagger

Predicted test Tags

3
x :
LZ) > ) - = CZ) [ g ] é = E —_
> |z |2 |2 |2 /2|3 |8 |85 /2 £ 58 |8 &8
; 121 |8 1 2 |1 133 | 90.98
N 12 | 140 2 |3 1 1 | 159 |88.05
PUNC 99 99 | 100.00
ADV 3 |1 8L |4 89 |91.01
ADJ 5 2 |43 3 |53 |8113
o [INT 1|7 20 28 | 71.43
E CON 4 11 |2 17 | 6471
8
S | PRON 1 1 |9 10 | 90.00
*&5 DET 6 15 22 | 68.18
NP 2 12 1 15 | 80.00
NUMOR | 1 5 6 8333
PREP 1 4 5 | 80.00
OTHERS | 4 13 |17 | 7647
Total 146 |170 |99 |86 |50 |20 |14 |12 |16 |13 |5 5 |17 |653 |78.12
[ s )




As we can see in the above table 5.9 confusion matrix of hybrid tagger out of 653 testing
set 573 are correctly tagged and the remaining 80 are tagged wrongly. Here in Hybrid
tagger some tags improve their performance when we compare with HMM tagger. For
instance, the V tagging accurately increased from 119 to 121 out of 133 test sets in hybrid
tagger. The performance of tags result was PUNC, ADV, V, PRON, N, NUMOR, ADJ,
PREP, NP, INT, DET CON, Others, in ascending order.

5.10 Summary

In this chapter, we presented the experimentation aspects of HMM tagger and Hybrid
tagger. We use confusion matrix to measure the performance of each tag that are
confused to other part of speech. We obtained the accuracy of 74.46 and 78.12 for HMM
and Hybrid tagger respectively. The performance comparison of each Tags for HMM
tagger and Hybrid tagger are listed below table 5.9 with their difference.

Table 5.10: Comparison of each tags for HMM tagger and Hybrid Tagger

Tags HMM Tagger | Hybrid Tagger | Difference
\Y/ 89.47 90.98 1.51%
N 86.16 88.05 1.89%
PUNC 100.00 100.00 0.00%
ADV 88.76 91.01 2.25%
ADJ 83.02 81.13 -1.89%
INT 71.43 71.43 0.00%
CON 64.71 64.71 0.00%
PRON 80.00 90.00 10.00%
DET 68.18 68.18 0.00%
NP 73.33 80.00 6.67%
NUMOR 83.33 83.33 0.00%
PREP 80.00 80.00 0.00%
OTHERS 58.82 76.47 17.65%
[ )



As we can see from comparison table the hybrid tagger has no effect on some tags such
as PUNC, INT, CON, DET, NUMOR and PREP. The reason is that we use only common
rules of the language not include all tags. And one tag namely ADJ have negative effect
on hybrid tagger this implies reduce the performance of hybrid tagger. Generally, tags
those are V, N, ADV, PRON, NP and other tags are improved their performance in
Hybrid tagger.

e Comparison of HMM and Hybrid tagger on Test set

The following figure shows the comparison of performance curve analysis using bar char

with given of test sets.
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Figure 5-5: Comparison of HMM and Hybrid tagger performance analysis on test sets
e Comparison of HMM,CFR and Hybrid on Test set

The following figure 5.5 shows the comparison of performance curve analysis of HMM,

CRF and Hybrid tagger using bar chart with given test set.
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Comparision of HMM,CRF and Hybrid
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POST Approaches

Figure 5-6: Comparison of three taggers on test set using bar chart.

5.11 User interface Design

In this work an interactive user interface is designed. The interface allows user to set
location of files and process tagging. The interface is designed using java GUI

programming techniques. So, that our interfaces are interactive and also platform

independent.

The following figure 5.3shows snapshot of the interface at the configuration of tagger.
The configuration of tagger contains training corpus location, tagsets location, dictionary

location of the training data and annotated tagsets location.
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|£| Guragigna Language Part of Speech Tagger =l
J Configuration I Tagger ﬂ
Default File Location
Tramning Corpus Location srofresources/corpus!
Dictionary Location srofresources/a_dict bd
Tagset Location srofresourcesitagset
Annotated Testset Location srofresources/annotatedTests et bd
Ready

Figure 5-7: Snapshot of configuration of the tagger

Figure 5.8 shows that snapshot of HMM tagger prototype that takes test sentences from
user and when the action button (tag sentence) performed it shows the tagged result of

tagged sentence with their sentence probability.
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| £| Guragigna Language Part of Speech Tagger
- i

2| -

Configuration T Tagger ﬂ

(®) HMM Tagger (_) Hybrid Tagger
Original Test Senteces HAM Tagged Result
o OMC TN @I LT E Bl T/ADV FMEC/N M@ PeTrEV
EHOERm? 04T 1 0T €0V BHOPFR@V sentProb:
2T AP7T C& T NPT 2.0736251379500877E-28

027N F1V N99FN 3TV AeTTV
T TV ATV sentProb:
5.730456618220707E-32

{ Clear J | Tag Sentences

Training Started

Figure 5-8: Snapshot of HMM tagger interface
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| £ Guragigna Language Part of Speech Tagger |E|E|é

Configuration I Tagger ﬂ
(_) HMM Tagger (#) Hybrid Tagger
Original Test Senteces HMM Tagged Result
40P TI° A0 Hy aoM& P4, ZOf/PUNC T9°/N AF°/ADV Hu/V aoMg /N
o0 afevt PP Y P4V PA/N Q9er VY PTPCT [V sentProb:

3.2007296845685376E-42

Clear Tag Sentences |

Training Started
Figure 5-9: Snapshot of Hybrid Tagger interface

Like the HMM tagger, the Hybrid tagger works in the same manner. But the difference is
seen when only we test large amount of data. Else with sample test set the result may

similar with HMM one. Because, we use common Guragigna rules for Hybrid tagger.
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CHAPTER SIX

CONCLUSION AND RECOMMENDATION

The presence of NLP discipline allowed computers to understand human language and
process them. It plays basic role in different research tasks like POST, Spelling
correction and parsing, Machine translation, Grammar checking, Text summarization and
so on. Among these tasks POST is one of the foundation tasks for the other NLP tasks as
this is used as preprocessing component. The task of POST is labeling each word to
corresponding part of speech category so as to assign part of speech tags to words in a

sentence.

In this thesis work we developed POST tagger for Guragigna language. Before
developing the tagger, we have studied some POST developed for local and foreign
language. And POST approaches have also studied to select the approach that can give
better performance of Guragigna language. The nature, word category construction and

behavior of Guragigna language have also studied before developing the tagger.
6.1 Conclusion

This study proposed and designed Part of speech tagging for Guragigna language. This
POST can be developed through different approaches such as ANN, rule based, HMM
based and hybrid. In our study, the tagger is developed based on HMM approach and
Hybrid approach and each of them is implemented independently. The HMM is
implemented using Viterbi algorithm as well as the hybrid is implemented by combining
rule based and HMM.

For training the model, we developed Guragigna corpus of around 307 sentences.
Seventeen (17) tagsets have been identified and dealt in this research work. Here the total
corpus is divided into training and test sets. In our study 90% of total corpus has been

used for training model and 10% have been also used for testing.

The implemented tagger involves three stages: preprocessing component, tagging and

evaluation. After input is taken; tokenization and splitting take place followed by tagging
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sentences. During tagging stage computing lexical and contextual probability is
performed to get optimal tag sequence of tagged text. Finally, the tagged text by tagger is
evaluated with manually tagged text.

After evaluation, the test result shows encouraging outcome on test data of 6745 tokens
and it obtains 66.56, 74.46 and 78.12 for CRF, HMM tagger and Hybrid tagger

respectively.

6.2 Contribution of the work

In this study, the mains contribution work is:

v ldentifying the nature and word category of Guragigna language and how they
can be processed to be understood by the machine.

v Contribution of preprocessing component for other researcher working on high
level NLP applications.

v’ Extracting rules of Guragigna using hybrid tagger.
6.3 Recommendations

There are works that should be considered by future researchers in the area of natural
language processing in general and part of speech tagging particular for Guragigna

language.

v" Since accuracy and effectiveness of language model depends on corpus,
developing balanced standard corpus should be considered for future work.

v" Numbers of tagsets considered are limited to 17 in this work. This category
doesn’t include all word categories of the language. So, the researcher can work
by including those into sub categorization of word classes.

v" Hybrid approach used in this work is not rich on rules. Only common rules are
used. So, the researcher can advance the rule based part of speech approach to
get better result.

v There are also other approaches that are different from statistical and rule based
which can be applied for the same problem. So, the researcher can develop the

same work for the language using neural network to compare the result.
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Appendix A: Ye Guragigna Fidel Gebeta [55]
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Appendix B: Summary of Guragigna Subgroup Languages

Information on the | Soddo (Kistane) | Zay Inor Mesmes Mesgan Sebat Bet Gurage
language (Chaha)
Native speakers 260,000 4,900 280,000. none who speak the 227,135 1,440,000.
according to language
Ethnologue in
2015
Word order SOV SOV - - - SOV
Language use Use Amharic and | Speakers are multilingual in | - Shifted to speaking Also use Amharic

Guragigna Ambharic, Oromo and Gurage Hadiyisa language

language

Language status Vigorous Threatened Vigorous Extinct - Developing
Language Literacy rate: | Grammar level. But exact | - - Not used in school and | Literacy rate:
development 22% literacy rate is unknown administrative purpose | 25.3%.

Writing system | Ethiopic script Unwritten language Has no script Ethiopic script
used
Other Not used in | Not used in media and currently - - Used in media.

media. 2" largest

in literacy

decreasing due to migration

and become Oromo speakers.

1% larger in

literacy

73

——



https://en.wikipedia.org/wiki/Soddo_language
https://en.wikipedia.org/wiki/Inor_language
https://en.wikipedia.org/wiki/Sebat_Bet_Gurage_language
https://en.wikipedia.org/wiki/Chaha_language

Appendix C: Sample Rule for Guragigna Language

Appendix: lexical rules used

ADJ->N if the Adjective is followed by suffix‘ 1+
ADV->V if the adverbis followed by suffix0¢-9°”
N-> NP/if the Noun is preceded prefix*“2-”

V>N if the Verb is followed by the suffix“at”

Appendix: Contextual rule used

V > ADJ: if the tag of preceding word is adjective and tag of following word is adjective.

ADJ-> ADJ: if the tag of preceding word is adjective and tag of following word is

adjective.
N-> ADJ: if the tag of preceding word is Noun and tag of following word is adjective.
ADJ > N: if the tag of preceding word is Determiner and tag of following word is Noun.

ADV-> ADJ: if the tag of preceding word is Noun and tag of following word is adjective.
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Appendix D: Tagged POST sample

V/DET BTNV hETFGTHI®/V LG/PRON 744N Havd@+N KH/PRON “7/CON N9°C/ADV
ATHN PLTCHN ATIUNK TEI®/V #/PUNC -+H/DET 9°AH/N Deo/ADV AT/PRON #M/INT
ABH/PRON #M/INT  FAOCT®/V CLTCTH/V FPCIN BoPAGN 029V (LEHSG/AD) £5/PRON
AFIAD) AO/N ANV KFINT %GV CAC/AD) FC/N QI 9°0/N AFI°/ADV 0V
Hh9°/CON £T/PRON H9I/UNK L&TH/AD)  enPAYN -(HC/V -/PUNC AGD/INT LCL/INT
CET/ADV L&T/ADV Oren®@E/V ITHN +$00C°/N LHLHB/V 2/PUNC P9°0/AD) ATHC/N
WOTIV LTIV HCATIN =/PUNKOR/INT 29°0-5/AD) ATHC/N A2077/V 20C/V LG/ §919/N
P T/INT ALTA/INT AL/PRON m7RA/N TUC/V (HZIN 24180/V FCIN aPwl SRRV 2/PUNC
AUV TNV LBG/N HEL/ANT QT9°/AD) PCIN ALV TTUNK PavH/N hL:189°/V
Z9°/V KOSI°/V F1/CON (L&P/V WII°/ADV S489°/V #/PUNC HCAHN avGCP/V 0LTI°/V
J1/CON ‘A/ADV Ba>-FHa/NP MeCIF PN /N ATavCaay +asTa/V 19NV 03e v
O/INT AE/INT aJ°C/ADV PPN a0FlYy@9°/V  2/PUNC  0°/N ATV ThéTIB/V
AUTI/PRON ?/PUNC AF/INT (CLLLN LPCm/V MTI®ADV ?/PUNC OZTI°/V (LnCPs/V
AH/PRON 0&-5/AD) FC/IN +3+T7/ADV 8C/ADV CTrH9°/AD) H2IN Q1V TBOLEN LTIV
#/PUNC PheCHR/AD) POrHON T0&/N FHOC/V  PLIPTILNV  QTHLR/CON  aPA/ADV
FEAYNV RPFFIV ALV PINFIN (L14V ATNZ/ADV OR4INT HFhaNG/Y AHF29°V Qv
LUS/UNK HU/DET QHTF®/AD) &N FFRCTIV 1IN&FI°/V F1/CON A/ADV #A10/AD) Agv N
aw/9°/V (PH/DET 109°/ AFHYV ATHFN mCnC/N B0CN RPFIN FHead®/N KE/NV
PONCLLLIN NLFIPNV NFFG/V Bpav<tN FHHLNIPV §TIIIN 4TIV F1/CON  hLI°/PRON
a@ALIA/NV  TPC/ADV  APLTINV  AOTILFIION  ATOLBV 0LIP/V =/PUNC  ANLZL/INT
AP/PRON 9°C/ADV QOTr9°/V OAPCTHII°/V 2/PUNC PAPCTHA/CON ATHINT AVHOC/V A/INT
AAO/PRON  A@7ZLHI°/V  NIUNK  ICH/V  2/PUNC  QZ9°/V  AGSI°/V:=/PUNC  “Bao-+J°)N
PAPCT/N PO-C&FIN f9°C/ADV m@IC/N m@IC/N &mAm,/V ?/PUNC OZLTFI°/NV  AQTI9°/V
MAPCTrI°V ATAOYV 0CF0/V 2/PUNC RTU/CON @P9°%/ADV ?/PUNC OZ9°/V AATI°/V
A1/CON 2H/V AT/NUMOR HZIN FLNO/NV PPCELEDJADV (t@7V AH/PRON NAHI°/V
ARV RTIUNK  0@F/PRON  sB7/CON  (ASH/NV  ABOKCHNV TTUNK  9°4/ADV  £MC/N
tO@Pgey  CTITEN BU/CON LHAvEH®V ?/PUNC OLFI°/V  F1/CON OPHN  BTr/V
ALTIPRON FLTr/V TV -/PUNC A7%/INT OZG9°/V G919/N HCAHN #O/ADV aviigey
CRFI°/ADV £99/ADV FHT)V eBav-t/N QOMNF/V A9 /UNK ATr/PRON H/DET +HNLP/NV
eCHRAU-N FTen0/V sBav-i N @<¢19/N CFRACTAR/V 2/PUNC (-79°/V F1/CON AL/INT (04/V
AL/PRON ATC/V Q°AU-7/V AU-/PRON PCM7I/V AFT&/V AT10G/V 00PNV £108/V TiTI/UNK
AN APV HIP/DET PCO7ZV  ALFPN  OFITV HIIN  14AH/V - 2mC/N
TP TIO/V 3L LhDV BO/CON FHIPEA/V ?2/PUNC 049°/V
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Appendix E: untagged transcribed (Latin script) POST sample of training set

bdzo mét'afo ddno ydgurage sdbo nobordtita moro yomidsoro hidma * badobabe

bomwre ¢ bidhanodta bianaguds ’snagudeme madiare yanidns qwabidrs bamesale
amanoma ‘dtePniawuEma . yaris$ayo Semsa ’enama zoha mat'afs yat'afa mase
bagomata yatowanano yagurage Semaro banshdre bamurama yandbo : wemo

yaer-tibo sdbo yoardaso Soma ’anshdro : bidzoka Somo yit'dndyo sdbo zohdta ebiroyd
RON yomisora betdbo ‘onoto/ gdgiror . yac'awadata yaSarawe tiwure ’atato t'abe
nassyomo banshiare matafata *ate/NUMOR t'abs tonaguda t'abs yaress ¢ wemo
yorago bardmo yatowana qaro ‘dnohdro . ‘dtato t'obo ydrdSoyo yitardkdta yoSorowe
tiwuro bédgidno yac'awidgoyo c'dwada ydnosoto ‘dhoru . noguso tiroguso ydwaroyo
yit'obo yidsddasomo * dzoComaco tazomaco tobdro ydSoFCayOo Somaro banshare
tonaguda barige yarage danits yandno sidbo ‘dnohdro ¢ bdhdrdmoc'ono t'obdhuna
babdno yisddasomo yofote yagreroyo yit'obo barigo wemo 'dbédgat'oro . badmét'afota
buro zénoga tonogiband ¢ zoho madt'afo yac'améto tonozétarobo feratawi tariko yudo
mit'afo . 'dZoydto zorogdto winozitarobo korotawi ydc'amuto ydbeto dbo yohdre
bimic'dmo tandCohdma ’dtokdrd qordrd zaho C'amuto yagoyite bacdndCe zénogata
botordsaba moroyahoro ‘dtorandsdComo ydZdpardCona hdma tiyatoydSo zorogito
tai¢'amuto bdhutomo (¢'dwada tanidma banddd? gucd bddonogito wénozdtarobo
korotawi Cdndmo ydgidpahdma * yidzaho yaqonot'dCono moSoto bac's '@midndmo
bdgura ‘eno ‘dSomo yd'dZoydto zoragitomo bdtoFizoto ‘dzoratrmo tiwit'a tdho kard
®ndSomo yiac¢'amuto ‘fino yidtosdqird hdma f  yanod qorot'onatfita yanimidiro
ydharahama bendfita ’d8oComo tand huto bigdnotdnamo bdgitita tagadwane
batowanafono qet's gigimifita bomol.to yord¢o hidma yi¢'amuto $oka zoho mit'afo ¢
wirawiramo gaove REP yidgurage qwanoqwa ydbetdtd bdhidrd zata bét'ad~k bato humao
Zat'd zdbéro tdsodosa yirdpdne’® noborito yoliroF ¢ batowihidtoma qwanoqwanoda
yaPt's wemo 4o ydqdnd bidhdrd gurage dord yigigita qwanoqwa Qndnd sibo
‘onomd bamarina nozdno® bardmo tand guragina tirdsamo tawimo Qromo bigozoyita
yordboro tdrdpdrd zdnoga yazoF yofiroF ¢ yatowandF ¥ yoto$oePeraF tomobors
tafohunomo . mét'afdta yandbuno wemo yosdmanas sédbo ‘onomo yat'dé: qaru betohu

tehdromo yizano yot'dfo sibo 'ema nokofoto tomoboru
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Appendix F: tagged transcribed (Latin script) POST sample of testing set
ya¢'awadata/NPREP yoSorowe/V tiwura/V “dtato/N t'abo/N nidsoyomoa/V banshare/CON

mét'afita/N "4to/NUMOR  t'oba/N  tonogudo/ADJ t'obo/N  yaraso/ADJ :/PUNC
wema/CON yaraqo/ADV bardma/V yatowana/V qaro/N "dnshdra/V ./PUNC ’dtate/ ADV
t'obo/N yirdasoyo/V yéatardkata/N yosorowe/V tiwuro/V  bégéna/N  yacf'awdgoyo/V
¢'awada/N yianasota/N “dharu/INT ./PUNC nagusa/N tarogusa/N yawaroayo/V yat'sbo/NP
yasddaSomoa/NP /PUNC ’dzocomaco/N tazomaco/N tobéra/V yidsaRoyo/ADJ Somoaro/N
banohdre/INT tonogudo/ADJ barigo/N  yarago/ADV dandto/N  yanano/V  séba/N
"dnohdro/V  :/PUNC b&hardmac'ano/CON t'obdhuna/N  babidno/V  yédsddasoma/NP
yaofote/ADV yagrayo/V yit'abo/ADJ barigo/N wemo/CON ’édbédqat'aro/N ./PUNC
bamat'afota/N  buro/ADJ zénoga/N tonogdband/N :/PUNC zoho/DET maét'afo/N
yac¢'amato/ADJ tonozétarabo/ADJ heratawi/ADJ tariko/N yudo/V mat'afo/N ./PUNC
"dgoyato/ADJ zorogato/N wénozitarabo/ADJ koratawi/N yaé'amuto/N yébeto/ADJ “dba/N
yohidre/V bamac'ama/N tandcohdma/ADJ “dtokard/ADV qorard/N zaho/DET ¢&'amuto/N
yagoydte/N bacanace/V zdnogata/N botordsaba/V marayahoro/ADV ’étorandsacomoa/V
yazaparacona/V hdma/ADV tiyatoydso/V zorogédto/N tac'amuto/NP  b&hutomo/DET
¢'dawada/N tandma/V bandddr/V gucd/N biadonagdto/ADV wanozitarobo/ADJ koratawi/N
¢andmo/V ydgapahdma/ADV :/PUNC yazaho/DET yédgonat'acona/V moasoto/N ba¢'s/INT
‘amandamo/V  bagura/ADJ  “eno/N  dSomo/V  yd’dgoydto/ADJ  zarogatomo/N
batoFizoto/ADV  “dzorattmo/V  tiwdt'a/ADV  taho/DET  kard/ADV  €ndsomo/V
6/NUMOR bardmo/V tiwit'a/CON «/PUNC yat'afaTe/INT :-/PUNC zo/INT mosaso/N
yaganot'oi/ADJ boto’ona/V  &'amutomo/N  foro/N  gdpanamo/V  tand/V  #/PUNC
basahomo/V ’oya/PRON yé&gdmdaya/ADJ zénoga/N waga/N yohérabi/V i/PUNC
"dtokard/ADV toyazoyoma/V A4CA/INT wit'ama/V yowddoqo/V /PUNC ‘An/ADV
zamo/DET  herotawiwo/N  zomoso/N  yéténabi/INT  botoborame/V  daras/CON
"ayamo/PRON wabdro/V ¢amoa/V kero/N yatdnat/V yoboro/V ?2/PUNC okawa$a/INT
I/PUNC "&C4/INT moso #t'o/INT !/PUNC »/PUNC bardéomo/V yagoyédto/ADJ
zoragéto/N “dsdconamo/V /JPUNC 7/NUMOR oka/INT frnatt/N ezdgoro/V I/PUNC
bardicomo/V  daqdcomo/V  dgoydto/ADJ  zoragdto/N .PUNC <«/PUNC de/INT
Agahomalo/INT zékdrdamowe/V 4C4/INT  ya%imobe/ADV hdmawoaso/INT !/PUNC
»/PUNC bard¢omo/V ¢'amuto/N soromo/ADV tatofat'ara/V ./PUNC«/PUNC bifataT/N
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Appendix G: Interview Questions that are asked to Guragigna language
professional.
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