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ABSTRACT

Availability of large amount of electronic job vacancy text on the web makes the
identification of relevant vacancy announcement related to a specific topic is a
challenging task. It's also true for Amharic texts. Amharic (x99C% ) is an Ethiopian
language which comes from Semitic language and used as first language by Amhara
and working language of federal government. Large amount of electronic texts in this
domain has been generated. So, a text categorization mechanism is required for
finding, filtering and managing the rapid growth of online information. The goal of
automatic text categorization is to classify documents into a certain number of
predefined categories by using rule based or machine learning. The aim of this study
is therefore to investigate the application of machine learning techniques for

vacancy text categorization.

A total of 1678 vacancy announcement text with eight categories: “M&” (health),
“PUTENE” (engineering), “ChPPTATC 287N HCRF” (computing), “tdME A&7N” (natural
science) “9UN&ER NL7N" (social science), “U?” (law), “ANCE” (agriculture) and “M/HIN
A6 ADPPIZNN" (business and economics) were collected. After preprocessing the text for
tokenization, stemming word variants and removing stop words and unwanted
characters and weighting the importance of a term, 1610 pre-categorized text were
used to train the classifier. In this study three supervised machine learning classifiers,
namely support vector machine, k Nearest Neighbor and Naive Bayes classifiers are
used to categorize the vacancy text.

Experimental result shows that, Support Vector Machine outperforms the other two
classifiers (K-Nearest Neighbor and Naive Bayes) with an accuracy of 76.4%. This is a
promising result to design vacancy text categorization model for jobs announced in
Ambharic language. U (law) category is an item which performs the best classification
accuracy in the current study. Because, law category is an item that share the least
common terms with other field of study when compared with the rest of an items used
in the current study. However, there are challenges in designing job vacancy text
categorization model. The main challenge in this study is; there are conflicting tags as a
result of common words in different categories where it is challenging task for machine

Xii



to categorize these words. It is therefore recommended to apply semantic based

Ambharic vacancy text categorization.

Keywords: Job Vacancy; Amharic language; Text Categorization; Machine Learning

Xiii



CHAPTER ONE

INTRODUCTION
1.1 Background

Web contains multimedia contents like text, audio, video, and graphics. As there is a
great increase in the production of these electronic web contents, users find it difficult
to obtain useful information from these contents. In the last few years, it has been seen
that an exponential growth in the volume of text documents available on the Web in
different domains [1]. These web documents contain rich textual information; more
specifically, manuscripts, jobs, newspapers, journals, magazines, thesis and
dissertations are available in different formats such as text, audio, video, and graphics
[1]. But they are so numerous that users find it difficult to obtain useful information
from them [2].

However, searching information of one’s need in this large collection of
documents requires organization and indexing [1]. Supporting the target users to
access and organize the enormous and widespread amount of information is becoming
a primary issue [3]; so that the need to categorize information resources has becoming

an important issue [4] [2].

Text classification and categorization has become an active research area in
information science that develops methods for assigning text documents to a pre-
defined set of categories [2]. Categorization is the process of finding a set of models
that describe and distinguish data classes or concepts, for the purpose of being able to
use the model to predict the class of objects whose class label is unknown. The derived
model is based on the analysis of a set of training data, objects whose class label is

known [5].

Currently, out of the abundant text documents available in electronic form on the web.
Vacancy is one of the area in which very large documents are generated manually in

newspaper as well as on web in an electronic form. As noted by Surafel [1], the web



contains over a billion documents which is difficult to organize and analyze as well as
Millions of people send e-mail every day. These collections and many other documents

generated constantly on the web represent a massive amount of information [1].

Many techniques have been applied for text categorization. Most of the time text
categorization process is done manually. In a manual text categorization (and
classification) organizations define subjective categories, based on certain preferences
and assign documents they write or receive to these categories according to this
subjective definition of categories or classes. Manual categorization therefore, is based
on human judgments. Organizations and users search for information and save it in
categories meaningful to themselves. Although, the manual approach is accurate, it is
time consuming and inconsistent. With fast growth in online document data, this would

become more difficult with time [4].

Since there are a large collection of electronic documents generated today, it is difficult
to manage and classify these documents by the traditional classification method.
Therefore, automatic text classification and categorization of the documents in the
domain is critical issue. Automatic classification techniques use algorithms that learn
from human classification techniques. Its goal is the classification of documents into a

fixed number of predefined categories [4].

Automatic text classification assigns the text to its pre-defined categories according to
the main idea or subject. Today, automatic text classification is necessitated due to
very large amount of text documents that we have to deal with daily [6]. It involves the
machine learning methods which currently have been mainly used to develop text

categorization model [7].

Machine Learning (ML) is the ideal solution in the case where a sufficiently large set of
previously classified texts is already available — a so-called “training corpus”: the
corpus is supplied to the ML algorithm, which learns autonomously what are the best
strategies for classifying documents [8]. The most commonly used machine learning

methods for classifying textual information includes supervised learning and



unsupervised learning. Supervised machine learning methods are applied to develop
a model that divides and categorizes a text into its categories [9] [10] [11]. The
constructed automatic text categorization model then helps to decide and label topical
labels to content to solve the problem of overloaded information.

Text Clustering is a text mining technique which divides the given set of text
documents into significant clusters. It is used for organizing a huge number of
text documents into a well -organized form. In clustering techniques, more similar
clusters are grouped together than in other clusters. It improves efficiency and
effectiveness of text categorization system which resulted in saving space, time
and increase quality [12] [7]. It works with unlabeled texts those are easily available in
the world.

Supervised machine learning algorithm uses pre-labeled examples as a training data. A
machine learning algorithm can then learn the different associations between pieces of
text and that a particular output (i.e. tags) is expected for a particular input (i.e. text)
[13]. The supervised learning model is applied to automatically decide categories of
data whose category is unknown [7]. Several techniques have been used for text
classification such as Decision Tree (DT), Naive Bayes (NB), K-Nearest-Neighbor (k-NN)
and Support Vector Machine (SVM) [14].

In general, text classification includes topic based text classification and text genre-
based classification. Topic-based text categorization classifies documents according to
their topics [7]. Texts can also be written in many genres, for instance: scientific articles,
news reports, movie reviews, and advertisements. Genre is defined on the way a text
was created, the way it was edited, the register of language it uses, and the kind of
audience to whom it is addressed. Previous work on genre classification recognized

that this task differs from topic-based categorization [7].

There are two main categories of text classification; flat text classification and
hierarchical text classification [15]. In flat text classification, there is no linkage that

defines the relationship of each category as each category is processed separately.



Single classifier is trained to categorize a new document to certain classes. On
the other hand, hierarchical text classification is used to classify large text documents
by using divide-and-conquer approach to overcome a problem of Ilarge
classification [16]. It decomposes the classification task into a set of simpler problems,
one at each node in the classification tree that leads to more accurate classifier.
Document classification to their predefined categories requires a large amount of hand

labeled texts which is difficult and time consuming.

Therefore, the aim of this study is to develop a model for vacancy text categorization
using supervised machine learning algorithms. The result of this research will have a
significant role for job seekers by making their searching experience easier to find jobs
categorically and for organizations for further data analysis.

1.2 Statement of the Problem

In the current day, large amount of vacancy announcement has been generated on the
web. This increases the amount of texts that are available on the web in electronic form
which is difficult to organize and manage. In the existing system the concerned body
prepared the content of the job; i.e. job ID, title of the job, publishing date, required
experience, educational background, job descriptions and related information. The job is
then categorized based on its ID, title, experience (and/or based on the rule) that the
expert defined and saves it accordingly, so that it can be retrieved later by its ID, title,
date, experience and category when needed. Since manual categorization is based on

human judgments; it is accurate. But it is time consuming and inconsistent [17].

In order to have easy access for ups-to-date and timely information, vacancy
announcement should be organized in systematic manner. The greater our ability to
store information, the more attention must be paid to the problem of organizing and
retrieving it. In the last few years, automatic text classification systems have proven to
be just as accurate, correctly categorizing over 90% of the text documents. They are
also far faster and more consistent, so there has been a switch from manual to

automated systems [1].



A job title is an all-encompassing very short form description that conveys all of relevant
information relating to a job [1]. So based on the title the announcement can be
categorized in to its predefined classes. But job title does not give full information for
classification [18].

In this study our focus is on text categorization of jobs to a predefined set of
occupation categories. Machine learning techniques have been successfully applied to
text classification and categorization. The learning approach to document
classification entails assigning documents (which may be images, text, or other
entities) to a label of a predefined class or category to create a set of training data.
This training dataset is used to learn a model thatis then utilized to assign a class
to new documents [14].

Many local researchers applied text classification in the news domain [3] [4] [19].
However, there is no attempt made by local researchers for categorizing job vacancy
announcements using local languages, like Amharic. On the contrary, there are works
done by foreign scholars. Lynch [20] tried to construct a model to predict job titles based
on job descriptions using Random Forest and Support Vector Machines classification
algorithms. In addition, Flora et al. [18] attempted to classify web job advertisements
against a standard classification system of occupations by taking job titles as input for
the classification process, but job title does not give full information for classification.
There are other descriptors of job vacancy announcement for effective categorization.

Such job vacancy descriptors include job qualification and educational background.

It is therefore the intension of this study to categorize vacancy announcements based
on job qualification or educational background as an input using supervised machine

learning techniques.
To this end, this study attempts to explore and answer the following research questions.

e Which supervised learning algorithm is suitable for categorizing job vacancy
announcements?

e To what extent the proposed model is able to predict category of job

5



vacancy?

1.3 Objective of the study

1.3.1 General objective

The general objective of this study is to construct a model for the categorization of

Ambharic job vacancy announcement text using machine learning algorithm.
1.3.2 Specific objectives

To achieve the general objective of the study, the following specific objectives are

formulated.

% To review related works in text classification to have a conceptual understanding
of methods and algorithms used for text classification.

% To collect data from the web and apply preprocessing tasks in order prepare
dataset.

% To select suitable classification algorithms for experimentation.

% To construct a classification model for Amharic job vacancy texts categorization.

% To evaluate the performance of the proposed model using effectiveness
measures.

% To report finding of the study and recommend for the upcoming research area.

1.4 Significance of the study

This study will primarily support job seekers by making their searching experience
easier to find jobs categorically concerning their profession. In addition, it helps job
seekers, who visit job posting websites to check for active vacancies to find the jobs
they need easily. Furthermore, the result of the research enables data to be aggregated,
which in turn enables analysis for the organization. This gives valuable insights to

employers as they design their recruitment strategies. Also the output of this research



can be used as an input to the development of full-fledged automatic jobs classification
for organizations (job posting websites). The current study also motivates other
researchers to propose on text classification with the same domain using different
approaches for applying the complete systems towards text categorization.

1.5 Scope and limitation of the study

The aim of this study is to categorize vacancy text by using supervised machine
learning techniques. The scope of this study is limited to design text
categorization model for Amharic vacancy text which mainly help job seekers when
searching for jobs by simplifying their searching experience. In addition, this study is
limited to include vacancies that require some qualification (educational background)
which include job positions like gardener, cleaner. Vacancy text can be categorized by
different parameters like position or job title, qualification of educational background,
address, job type, experience, the focus of this study is to classify the vacancy text
using qualification or educational background of Amharic language vacancy
announcements. Some of the educational background like “economics” used direct
English word in Amharic when announcing the vacancy. As a result, the Amharic
stemming algorithm is not working for such words and needs modification which is left

for further research.

1.6 Methodology

Methodology provides an understanding of how the proposed research is
conducted in order to obtain information for developing the proposed systems [3]. It
shows the path through which the researchers formulate their problem and objective
and present their result from the data obtained during the study period. It contains tools
and techniques that can be used for conducting the study. In the current study the

following methodology is followed.
1.6.1 Research design

In the current study an experimental research is used as a general approach. An



experimental research is a study in which the investigators formulate the
experimental setup like how many experiments needs to be conducted, with what
algorithms, parameters, weights and dataset [21]. In an experimental research
repetitive experiments are used as analytical method. The validity and reliability of the
study in this research type can be checked through testing and evaluations. In the
current study the researcher reviewed all necessary journal articles, thesis report,
conference papers, books and the Internet thoroughly for achieving the research
objective. To conduct an extensive experiment, tasks such as data preparation,

implementation and evaluation are performed as described below.

1.6.2 Data Preparation

The dataset used for conducting the experiment in this study is collected from job
vacancy announcement websites and a total of one thousand six hundred seventy eight
(1678) vacancy texts were extracted from these websites as a dataset in the current
study. Important preprocessing tasks such as text cleaning, tokenization, normalization,
stop word removal, stemming, and term weighting are performed using NLTK (Natural
Language Toolkit) in Python to clean the data and prepare training and testing data set

for running machine learning algorithms.

1.6.3 Implementation tools

In the current study, python programming language is used for classifying vacancy text.
Python is one of the easiest languages to learn and use, while at the same time being
very powerful: It is one of the most used languages by highly productive professional
programmers and also Python is a free programming language [22]. It's syntax is clear
and readable where both experts and beginners can easily understand the code.
Because the block structures in Python are defined by indentations, it has much less
likely to have bugs in codes caused by incorrect indentation. It is also simple to get
support and fast to code. Python provides fast feedback in several ways. Python
programming encourages program reusability by implementing modules and packages.
A large set of modules has already been developed and is provided as the standard

python library, which is part of the Python distribution. Scikit-learn is probably the most
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useful library for machine learning in Python. The sklearn library contains a lot of
efficient tools for machine learning and statistical modeling including classification,

regression, clustering and dimensionality reduction [23].
1.6.4 Evaluation methods

In this study the performance of the model is measured by using four classification
evaluation metrics (accuracy, precision, recall and f-measure). The accuracy metric
measures the ratio of correct predictions over the total number of instances evaluated.
Precision metric is used to measure the positive patterns that are correctly predicted
from the total predicted patterns in a positive class. Recall is used to measure the
fraction of positive patterns that are correctly classified. A high recall means that the
majority of the ‘positive’ items were labeled as belonging to the class ‘positive’. The f-
measure (or f-score) combines the precision and recall to give a single score, and is
defined to be the harmonic mean of the precision and recall [24]. These evaluation
methods are selected because they are the most widely used ones to measure

effectiveness of classification model created using machine learning algorithms.
1.7 Organization of the Thesis

This thesis report organized into five chapters. Chapter one introduced the overview of
the study, a statement of the problems, objective, methodology, scope and limitation,
and significance of the study is discussed. In the second chapter an overview and
definition of text categorization, basic concepts in automatic classification, approaches
to text categorization, text categorization phases, application of text categorization and
related work is discussed clearly. In the third chapter an overview of Amharic language
and its writing system and problems in Amharic writing system is discussed in detail. In
the fourth chapter the general architecture of the proposed model for vacancy text
categorization, data collection method, data preparation tasks, machine learning
algorithms selected in the current study and performance evaluation method is
discussed. In fifth chapter the experimental result of the proposed models with selected
algorithms, discussion of the result, and comparison of the algorithm results and finally

in the sixth chapter conclusion of the study result and recommendations are discussed.
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CHAPTER TWO

LITERATURE REVIEW
2.1. Overview

Nowadays, with the rapid growth of online information, text categorization has become
one of the key techniques for handling and organizing text data. In order to address the
problems of manual categorization, automatic ways are explored as an alternative
approach using rule-based or machine learning (ML) techniques. The goal of
automatic text categorization is to classify documents into a certain number of
predefined categories [25]. Classification algorithms of machine learning facilitate the
process of categorization. Compared to manual classification, machine leaning

approach offers the advantages of automation, efficiency, and consistency [4] [5].

Given C= {c1, c2..cn} is a set of categories (classes) and D= {d1, d2,..,dm} is a set of
documents, text categorization is the task of assigning ci to dj (1<isn and 1<jsm) a
value of 0 if the document dj does not belong to ci; otherwise a value of 1. The mapping
is also known as decision matrix [4]. In this chapter the concept of text categorization,
approaches and application of text categorization as well as related works are

discussed in detail.

2.2. Types of automatic text categorization

Categorization can be classified into different groups depending on the way
categorization is done. There are single-label vs. multi-label categorization, document-

pivoted vs. category-pivoted categorization and soft vs. hard categorization [5].
2.2.1. Single-label versus multi-label text categorization

For the set of classes C, set of documents D and for a given integer k where C= {c1,
c2..cn} and D = {d1, d2, ds, ds, ds, ds, . . . dm}, it is possible to consider the following,

exactly k elements of C are assigned to each d; € D. Single- labeled (also called non

10



overlapping categories) is the case when exactly one category (k = 1) must be assigned
to each dj € D .and the case when any number of categories from 0 to m may be

assigned to the same d; € D is called multi label (also called Overlapping categories) [1]

[4] [5].

In the case of single-label text categorization only one predefined category to each
“unseen” natural language text document is assigned and often defined as non-
overlapping categories whereas multi label is when as many as possible category is
assigned to the “unseen” natural language text document. And that is why it is called
overlapping categories. Binary Text categorization is special case of single-label TC in
which each dj € D must be assigned either to category ci or to its complement ci

(complement sign).
2.2.2. Category-pivoted versus document-pivoted text categorization

There are two ways of using text classifier. Given a document d; € D, we might want to
find all the categories ci € C, under which this document should be filed (document-
pivoted categorization — DPC); on the other hand, given a category c¢i € C, we might
want to find all the documents d; € D that should be filed under this category (category
pivoted categorization - CPC).

In document pivoted text categorization, it is given that d;€ D it have to find all c;€ C
under which it should be filed. That means document d;is searched under all categories

and the required corresponding category will be found which contain given document d;.

It is given that ci € C, we have to find all dj € D under which it should filed. This means
that a category ci is searched under all documents and the required corresponding

document will be found which contain given category c..

Document pivoted categorization is thus suitable if documents become available at
different moments in time. For example filtering e-mail. On the other hand category
pivoted categorization is suitable when; a new category c|C|+1 may be added to an
existing set C={c1,.., c|C|} after a number of documents have already been classified
under C, and these documents need to be reconsidered for classification under c|C|+1.

11



Document pivoted category is used more often than category pivoted categorization, as

the former situation is more common than the latter [26].
2.2.3. "Hard" categorization versus “Soft” categorization

The hard categorization completely automates the text categorization in which it needs
a true or false decision for each pair (dj, ci). It is a kind of decisions that are taken by
autonomous text classifiers, or software systems that need to decide and act
accordingly without human supervision [5]. Soft categorization, on the other hand, uses
partial automation of the text categorization system which requires different methods
[3]. In hard categorization the algorithm decides a value for each document-
category pair (dj,ci) € D x C. A complete automation of the TC task requires a
decision for each pair {dj,ci}. Ranking is when the algorithm ranks all categories

in C according to how well the document fit into each category, a partial automation

[1].

Given d; € D, a system might simply rank the categories in C = {c1, c2, c3, c4 .., c|C|}.
Assume that cs has the higher rank in terms of estimated appropriateness to d; as
compared to c1, c2, c4. Then without taking any hard decision on any category the final
ranked list Crwill be:-

Cr={cs, c1, C2C4.., C|C|}

The great advantage obtained from ranked list would be it help to a human expert in
charge of taking the final categorization decision, since it could thus restrict the choice
to the category (or categories) at the top of the list, rather than having to examine the
entire set. Alternatively, given ci € C a system might simply rank the documents in D
according to their estimated appropriateness to ci; symmetrically, for classification
under ci a human expert would just examine the top-ranked documents instead of the
entire document set. These two modalities are sometimes called category-ranking
TC and document ranking TC, respectively, and are the obvious counterparts of
DPC and CPC [1] [27].

In critical applications when the effectiveness of a fully automated system may be

12



expected to be significantly lower than that of a human expert; semi-automated
interactive classification systems are useful in addition to these categorizations. This
may be the case when the quality of the training data is low, or when the training
documents of fully automated classifier cannot be trusted to be a representative
sample of the unseen documents that are to come, which deteriorates the results and

hence cannot be trusted [26].

According to Sebastiani [26], it is desirable to use hard categorization for automatic
text categorization because the hard categorization fully automates the text
documents of the specified language. The other approaches of text categorization
are flat and hierarchical text categorization. In flat categorization, the single-label is
the commonly used mechanisms of categorizing documents. In hierarchical text
categorization, the multi-label text categorization mechanisms are used commonly. The
document-pivoted and category-pivoted can be used based on the document

occurrence of the specified time [3].
2.3. Approaches to text categorization

Text categorization can be performed in two approaches. These are manual text
classification and automatic text classification where automatic text can be supervised,

unsupervised and semi supervised learning [28] [10] [11].
2.3.1. Manual Classification

Manual text classifiers are built from labeled training (often manually) set of documents.
Labeling is usually done manually by human experts (or the users) or human annotator
interprets the content of text and categorizes it accordingly [29], which is a labor intensive
and time consuming process. Domain experts who are thoroughly versed in the
category structure or taxonomy are being used to label documents. Manual
classification can achieve a high degree of accuracy-although even domain experts
will occasionally disagree on how to categorize document. However, manual labeling
of a large set of training documents is a bottleneck approach as it is a time consuming,

more labor-intensive and therefore most cost than automated techniques [30].
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2.3.2. Automatic Classification

Automatic Text Classification is the task of automatically assigning a given document
to a set of pre-defined categories based on its textual content and extracted features.
There are three approaches to automatic text classification, which can be rule based,

machine learning based and hybrid approach [3] [29] [31].

Rule based techniques classify text document into organized groups by using a set of
handcrafted linguistic rules. These rules instruct the system to use semantically
relevant elements of a text to identify relevant categories based on its content. Each
rule consists of an antecedent or pattern and a predicted category [29]. In rule based
classification, keywords and Boolean expressions are used to categorize a
document. This is typically used when a few words can adequately describe a
category. For example, if a collection of medical papers is to be classified
according to a disease, then a medical thesaurus that lists each disease together
with its scientificc common and alternative names can be used to define the
keywords for each category. While rule-based approach is effective for carefully tuning
a limited number of categories, the expense of defining and maintaining categories
is generally prohibitive for large-scale classification systems [4]. Although rule based
approach is effective for carefully tuning a limited number of categories, the expense
of defining and maintaining categories is generally prohibitive for large scale

classification systems [4].

As discussed above rule based approach is relying on manually crafted rules. In other
way text classification with machine learning learns to make classifications based on
past observations. By using training data, a machine learning algorithm can learn the
different associations between pieces of text and that a particular output (i.e. tags) is
expected for a particular input (i.e. text) [29]. It is a data analytics technique that
teaches computers to do what comes naturally to humans: that is learning from
experience. Machine learning algorithms use computational methods to “learn”
information directly from data without relying on a predetermined equation as a model.

Machine learning algorithms adaptively improve their performance as the number of
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samples available for learning increases [32].

Hybrids systems combine a base classifier trained with machine learning and a rule-
based system, which is used to further improve the results. These hybrid systems can
be easily fine-tuned by adding specific rules for those conflicting tags that haven't been

correctly modeled by the base classifier [29].
2.4. Machine Learning Approach

Machine learning approach can be supervised learning, unsupervised learning and semi-
supervised learning [3] [5] [33]. Figure 2.1 depicts the major machine learning

techniques and algorithms.

Classificatio
Develop predictive
model based on both -
; . inout and outout data Regression
Machine Learning

Clustering

Group and interpret data

based only on input data —
Association

Figure 2. 1 Machine learning algorithms [32] [34]

Supervised learning is one of the approaches in machine learning which uses a known
dataset (usually called the training dataset) to make predictions. The training dataset
includes input data (attribute values other than the class label) and response values
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(class label). From these input and output or response values, the supervised learning
algorithm seeks to build a model that can make predictions of the response values for a
new dataset. Using larger training datasets and optimizing model hyper parameters can
often increase the model’s predictive power and ensure that it can generalize well for

new datasets. A test dataset is often used to validate the model [32].

The learning approach to document classification entails assigning documents
(which may be images, text, or other entities) a label of a predefined class or
category to create a set of training data. This training dataset is used to learn a

model thatis then utilized to assign a class to new documents [4] [14].

Unsupervised learning identifies a group, or clusters of related documents as well
as the relationship between these documents. Commonly referred to as clustering, this
approach eliminates the need for training sets because it does not require a pre-existing
category structure. However, clustering algorithms are not always good at selecting
categories that are intuitive to human users. For this reason, clustering generally works

hand-in-hand with the supervised learning techniques [4].

Unsupervised learning finds hidden patterns or intrinsic structures in data. It is used to
draw inferences from datasets consisting of input data without labeled responses.
Clustering is the most common unsupervised learning technique. It is used for
exploratory data analysis to find hidden patterns or groupings in data. Applications
for cluster analysis include gene sequence analysis, market research, and object
recognition [32]. With this learning approach, pre-classified documents are not required since
the method tries to exploit regularities found in the document and make group or cluster

based on similarity [19].

Most of the time, we need labeled data to perform supervised machine learning.
Labeling a lot of data is expensive and time consuming. In another case unsupervised
algorithms don't need labels but can learn from unlabeled data. Due to its time
complexity and interpretation problems, using these unlabeled data for classification is
not preferred. So there should be a mechanism needed to combine both clustering
algorithms and classification algorithms using the process of unsupervised learning [35]
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[36].

In ML terminology, the classification problem is an activity of supervised learning,
since the learning process is “supervised” by the knowledge of the categories and of

the training instances that belong to them [1].

Supervised learning uses classification and regression techniques to develop predictive
models [32]. Classification techniques predict discrete responses. For example, whether
an email is genuine or spam, or whether a tumor is cancerous or benign. Classification
models classify input data into categories. Typical applications include medical imaging,
speech recognition, and credit scoring. Classification techniques are used if the data
can be tagged, categorized, or separated into specific groups or classes, whereas,
regression techniques predict continuous responses. For example, changes in
temperature or fluctuations in power demand. Regression techniques can be used for
working with a data range or if the nature of the response is a real number, such as

temperature or the time until failure for a piece of equipment.

In this study classification algorithms are applied for the purpose of vacancy

announcement text categorization.

2.5. Text Categorization Phases

It is difficult to use text documents represented by natural language documents directly
for building models using machine learning algorithms. In order to solve such a problem,
natural language text document should be mapped into a schematic representation of
its content. So that, the categorization algorithm changes each document into a
vector of weights corresponding to an automatically chosen set of keywords [3]

[33]. This transformation of documents has two main steps.

First, suitable representation of the document has to be chosen, which is used for all
documents to be indexed and the representation has all necessary words that can

characterize the documents.
Second, it assigns weights to each selected reprehensive terms which shows the
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frequency of occurrence of the term in the indexed document. Even though the
document indexing is performed, still the results obtained has high dimension and take
a large amount of storage space. So, techniques for dimensionality reduction should be
applied. The main idea behind these techniques is to map each document into a
lower dimensional space that can potentially take into account the dependencies
between the terms. The following image illustrates the procedures followed for text

classification.

Document indexing
Feature extraction

Normalization

]
Stop word removal 7
: v
Stemming —
Y Dimensionality - y -
Term weighting "—'_“ _5 y o Classification Evaluation
reduction

Figure 2.4 text categorization phases
» Document Indexing

The task of document indexing involves mapping of a document dj into suitable
representation of its content that can be used for building the classifier algorithms. The
choice of the representative term of a document depends on the individual
choice of meaningful terms [15]. Generally, there are two main steps for indexing
documents in the given corpus [26]. Representative terms are selected from the
documents. After selecting the representative terms, the non-discriminating terms are
removed from the documents in the given corpus. This process is also called feature
selection step. As a result, most researchers use representative term and feature

selection interchangeably [15]. The removed terms are both the frequently and very
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rarely appearing terms because such words or terms do not distinguish one

document from other document in a given corpus.

Second, weight is assigned to each document which represents the documents by
numeric vector. This vector includes the weight of the term in a document. So, the
weight factor should represent the importance of the term for the categorization of the
document. The most common term weighting approaches used in text
categorization are Boolean weighting, term frequency weighting, and term frequency x
inverse document frequency weighting [3]. There are certain concepts that need to be

defined in any of term weighting approaches. Which are,
» tfijis the frequency of term i in document dj;

» Niis the total number of documents in the document corpus;
= N is the number of documents in the corpus where term i appears; and

» |T| is the number of distinct terms in the document collection (after stop word

removal and stemming is performed).

The simplest method of term weighting is Boolean weighting and it assigns 1(existence)
if the term exists in a document or zero (absence) if the term does not appear
in the document. Here, the weighting is only existence or absence that does not show
in which documents the term appears more or less. For this reason it is not widely used

approaches.

On the other hand, term frequency weighting approach counts the appearance of the
term in documents. In this method, the weight of a term in a document represents or is
equal to the number of times the term appears in the document. Sometimes, the most
frequent term could not discriminate one document from other documents. If the term
frequency of the term is high, its discriminating power to the mean documents is low.
So, this term weighting techniques is no mostly used in text categorization processes.
As a result, the term frequency x inverse document frequency weighting (Tfxidf)

which uses the frequency of the most discriminating term in a given documents is

19



most commonly used [15]. Here, the weight of term i in document d is proportional
to the number of times the term appears in the document and inverse
proportional to the number of documents in the corpus in which the term appears.
Tfxidf function can be defined as follows:

Wiij=tfij* log (N/Ni) (2.3)

Where in the above equation 2.3, tfjj is the term frequency of term i in a document j, log
(N/Ni) is the inverse document frequency of the term, N is the total number

documents in the corpus, and Ni is the number of documents term i appears.

The tfxidf weighting approach weights the frequency of a term in a given document
with a factor that discounts its important if it exists in most of the documents.
At the end of this process, the index file is constructed using indexing structure

such as inverted file, signature file etc.

An index file stores a mapping from contents such as terms to its locations in a
document or a set of documents. The purpose of indexing is to have fast searching
mechanism when there are a lot of documents in the database. The most widely used
indexing structure is inverted file which can be represented in two ways: an inverted
index file containing a list of references to documents for each word and the inverted
index file which contains the documents which the term appears, and the position

of each word within a document [37].
» Dimensionality reduction

After the index file is generated the dimension of the index file is reduce in order to save
the storage space and enhance the processing speeds. The dimensionality reduction
maps each document into lower dimensional space. This improves the categorization
performance of a given text documents. There are various dimensionality reduction
techniques that can be classified as either supervised or unsupervised. Supervised
dimensionality reduction techniques use the class-membership information for
computing the lower dimensional space. Examples of supervised dimensionality

reduction techniques are document frequency (DF) and information gain (IG). However,
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unsupervised dimensionality reduction techniques compute a lower dimensional
space without using any class-membership information. These techniques are
primarily used to improve the retrieval performance and rarely used for document
categorization. Examples of such techniques include principal component analysis
(PCA), latent semantic indexing (LSI), Kohonen self-organizing map (SOFM), and
multidimensional scaling (MDS). However, the unsupervised dimensionality reduction

methods are not commonly used in text categorization process [15]
» Classifier learning

A learning classifier is a function that maps an input attributes to the class membership
it belongs to [15]. The attributes in this classifier are the list of terms found in the
document, whereas the classes are the predefined categories to which the
documents belong. In automatic text categorization, a text classifier for a given
category is automatically generated by a learner. The learner observes the
characteristic of a given document under a pre-defined category and determines the
new unseen document to specified category. Most of the time evaluation procedure of
learning classifiers in text categorization uses three data sets [15]. These are training
set (Tr), validation set (Va), and test set (Te). The training set is the set of documents
observed when the learner builds the classifier. After building the training set the
validation set is used for choosing for a parameter on which the classifier depends
and for evaluating the effectiveness. Finally, the test set is used to evaluate the
effectiveness of the classifier. The test set is the set on which the effectiveness of the
classifier is finally evaluated. Both the validation set and test set are used for evaluating
the effectiveness of the classifier.

> Evaluation

Performance of the model is measured by using four classification evaluation metrics

(accuracy, precision, recall and f-measure).
2.6. Classification algorithms
Naive Bayes (NB), Decision Tree (DT), Support Vector Machine (SVM), K-Nearest
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Neighbors (KNN), Neural Network (NN) are among the ML algorithms used for text

categorization [4].

Naive Bayes (NB)

This classifier uses the join probabilities of words co-occurring in the category training
set and the document to be classified to calculate the probability that the document
belongs to each category. It is a probabilistic classifier which uses the properties
of Bayes theorem assuming the strong independence between the features [38]. The
document is assigned to the most probable category (ies). Naive Bayes classifiers have
been proven in many domains, especially in text categorization, despite the simplicity of

the model and restrictiveness of the independence assumptions it makes [5].

Naive Bayes classifier has many advantages and it is easy to implement. Among the
advantages of the Naive Bayes classifiers, it is simple technique results in high
accuracy, especially when combined with other methods. Also this classifier requires
small amount of training data to calculate the parameters for prediction. Instead
of calculating the complete covariance matrix, only variance of the feature is computed
because of independence of features. The limitations of this classifier is the
independence and equally importance assumption which may cause skewed results,
especially if many of the variables are interrelated, as that relation will have a greater
effect on the decision, for better or for worse. Naive Bayes classifier do not allow for

categorical output attributes [39].

The Naive Bayes algorithm calculates the conditional probability P (C|D), where C is the
class value and D is an instance of the sample. The D will be classified to the C if P (C|D)

is the maximum one of all class values [39].

P (C/D) = % 2.1)

According to Bayes rule, P (D) is constant and assuming all the predictors are

independent each other, the problem converts to calculate the maximum P(C/D)* P(C)
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whichis equalto  .P(M%_,p(D|C))P(C)

In Naive Bayes classifier text documents can be represented as document vectors
using two models (i.e. the Multivariate Bernoulli Model and Multinomial model). In
Multivariate Bernoulli Model the document vector is a binary vector which simply
indicating the absence or presence of feature terms. A vector of binary attributes is
used to represent document that indicating which words occur and do not occur in the
document. The frequency of a word in a document is not captured. In Multinomial
model document vectors additionally retain the information regarding frequency of
occurrence of feature terms. A document is represented by the set of word occurrences
from the document in which the number of occurrences of each word in the document
is captured [5] [31] [17].

Decision Tree (DT)

Unlike NB classification, Decision Tree classification does not assume independence
among its features. In a Decision Tree representation the relationship between
attributes is stored as links. Decision tree (DT) can be used as a text classifier when
there are relatively fewer number of attributes to consider, however it becomes difficult
to manage for large number of attributes [31]. This classifier has an internal and
terminal (leaf) nodes. The internal node indicates the different attributes of the text
classification, and the leaf nodes show the classification of the attributes [33]. The
internal nodes are labelled by the features, the edges leaving a node are labelled by
tests on the feature’'s weight, and the leaves are labelled by categories. DT classifier
categorizes document by starting at the tree root and moving successfully downward
via the branches (whose conditions are satisfied by the document) until a leaf node is
reached. The document is then classified in the category that labels the leaf node [40].

In decision tree-based feature ranking, a decision tree induction selects relevant
features and ranks the features. Decision tree induction is decision tree classifiers
learning, constructing a tree structure with internal nodes (non-leaf node) denoting
an attribute test. The algorithm at each node chooses best attribute to partition

data into individual classes. Information gain measure is used to choose the best
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partitioning attribute by attribute selection. Attribute with highest information gain splits
the attribute [40]. Information gain is used to induction of decision tree using this

formula [41]:-
Info(D) = -3, Pi*log2(Pi) 2.2)

where pi is probability that an arbitrary vector in D belongs to class ci. A log function to
base 2 is resorted to as information is encoded in bits. Info (D) is an average amount of
information needed to identify the class label of tuple in D. The tuples D on some
attribute A having v distinct value, {a1, a2, a3, av }, as observed from the training data. If
A is discrete-valued, these values correspond directly to the v outcomes of a test on A.
Attribute A can be used to split D into v partitions or subsets, {D1, D2, Dv }, where Dj
contains those tuples in D that have outcome aj of A. Information gain is defined as the
difference between the original information requirement and the new requirement. The
attribute with the highest information gain, (Gain (A)), is chosen as the splitting attribute

at node N.

Support Vector Machine (SVM)

Support Vector Machine is a supervised machine learning algorithm which can be used
for both classifications and regression challenges. However, it is mostly used in
classification problems [42]. SVM often considered as the classifier that produces the
highest accuracy results in text classification problems. It creates a maximum margin
hyper plane that lies in a transformed input space and splits the example classes, while
maximizing the distance to the nearest cleanly split examples [4]. This shows that the
value of the given parameter of hyper plane to the nearest training patterns from given

classes is maximized as many training patterns as possible.

SVM is non-probabilistic binary linear classifier that uses a nonlinear mapping to
transform the original training data into a higher dimension. Within this new dimension,
it searches for the linear optimal separating hyperplane (a decision boundary separating
the instances of one class from another). Data from two classes can always be
separated by a hyperplane, with an appropriate nonlinear mapping to a sufficiently
high dimension. The rest of the training data have no influence on the
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trained classifier [43].

Although the training time for SVMs can be long (since it is computationally expensive
and requires extensive memory space), they are highly accurate, owing to their ability to
model complex nonlinear decision boundaries. Their use of support vectors for
identifying decision boundaries makes them much less prone to overfitting than the
other methods. Moreover, since they usually are subsets of the training, the support

vectors provide a compact description of the learned model [4].
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Figure 2. 2 Classification of data by Support Vector Machine [44]

As stated above the goal of this classifier is to find the best hyper-plane which
separates the one class data points from the other class data points with the
maximum possible margin for each set of points from the hyper-plane. The data points
on the margins are called “support vectors”. SVM are well suited for problems with
dense concepts and sparse instances. Most Text Categorization problems are linearly
separable which, not being a limitation to SVMs, makes the computation much faster

and simpler.

Support vector machine considers that each set of features represents a position
inside a hyperspace then the SVM tries to divide it using a hyperplane maximizing the
distance between this hyperplane and each vector, minimizing the objective function.
This space division is hard to accomplish, and sometimes impossible, for this the SVM

can use a margin that allows misclassifying some examples but increases the overall
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performance. The main advantages of SVM is its potential to handle large features and
its robust when there is a sparse set of examples because most of the problem are

linearly separable.

K-Nearest Neighbors (KNN)

K-NN is a type of instance-based learning, or lazy learning where the function is
only approximated locally and all computation is deferred until classification. It is
non parametric method used for classification or regression. It is one of the simplest
classification methods used in data mining and machine learning. It is the most
accepted classification method due to its ease and practical efficiency. K-NN classifier
doesn’t necessitate fitting a model and it has been proved to have superior performance
for classifying several types of data [45] [46].

The rules of k-NN classification are created by the training samples alone with no other
additional data. In a more complicated approach, k-NN classification, finds a group of k
objects in the training set that are nearest to the test object, and bases the assignment
of a label on the predominance of a particular class in this neighborhood. The k-Nearest
Neighbor algorithm (k-NN) is a method for classifying objects based on closest training
examples in the feature space [KNN].

The Nearest Neighbor (NN) rule is the simplest form of KNN when K = 1. Given an
unknown sample and a training set, all the distances between the unknown sample
and all the samples in the training set can be computed. The distance with the
smallest value corresponds to the sample in the training set closest to the unknown
sample. Therefore, the unknown sample may be classified based on the
classification of this nearest neighbor [45]. It works by finding the distances between a
query and all the examples in the data, selecting the specified number examples (K)
closest to the query, then votes for the most frequent label in the case of classification
or averages the labels in the case of regression.

Neural Network (NN)

NN analysis is basically a prediction tool modeled on how human brain works [4]. It is

an input output processing systems inspired from human brain that is they consist
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of neurons which is fundamental unit of the human brain. NNs are trained to recognize
certain patterns or behavior when fed with a large data set and then they can determine
predictors of a dependent variable. Thus, NN can be defined as a distributed
processor that can create knowledge based on experience and make that
knowledge available for future use [4]. Neural network is an assemblage of neurons
with weightages which connects them, they process records one at a time and learn by
comparing their classification with the actual classification. Neural network has the

properties like robustness, self-learning and adaptiveness.

Hidden
Input
Qutput

Figure 2. 3 Simple hidden layer neural network [47]

Neural network can be defined in three parts or layers they are input layer, hidden/
intermediate layer and output layer. The duty of the input layer is to receive the input
signals from the outer system. Coming to the hidden layer it is comprised of neurons.
The learning of the neural network is fully supervised hence for the input provides
to the neural network has an answer or output [14]. The neural network takes input
values and weights from the input layer as input and then it goes to the hidden layer
in which a function sums the weights and maps the results to the corresponding
output layer units. We can have ‘n’ number of hidden layers in between the input and
output layers. Depending on the number of hidden layers the network will be named as
single layer neural network or multi layered neural network (for more than one hidden

layers) [48].The working of artificial neural networks is as follows [49] [50]

27



1. Information is fed into the input layer which transfers it to the hidden layer

2. The interconnections between the two layers assign weights to each input
randomly

3. A bias added to every input after weights are multiplied with them individually

4. The weighted sum is transferred to the activation function

5. The activation function determines which nodes it should fire for feature
extraction

6. The model applies an application function to the output layer to deliver the output

7. Weights are adjusted, and the output is back-propagated to minimize error

2.7. Applications of text categorization
Recent advances from IR and Al have made text categorization a hot research issue. Its

use appears in a wide variety of applications [26].
Email filtering

Systems for filtering a person’s incoming emails to weed out scam or spam or to

categorize them into different classes are just now available.
Mail routing

Large enterprises are currently automating their document processing by means of
workflow management system, allowing an image of the document to circulate
through the company rather than the original. In particular, they aim for a uniform
treatment of incoming mail, whether it is electronic or in paper form. A bottleneck in this
approach is the entering of documents into the right work flow. This process involves a
superficial interpretation of the contents of the document, which is time consuming and

error prone.
News monitoring

In knowledge-based companies like the stock exchanges, numbers of people are

concerned with the scanning of newspapers and other information sources for
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items which are concerned with the national or international economy, or with
individual companies on the stock market. The results are sent to the person who

should be informed.
Narrowcasting

Press agencies strive to give more and more individual service, where each client
obtains out of the large stream of outgoing news items only those that are

relevant to him, according to his profile.
Content classification

Large information brokers have traditionally used pre-classification of documents as an
aid in document disclosure. Documents are manually given a place within a large
semantically hierarchy, or index terms according to a given thesaurus. This
process is costly and error prone and changes in the thesaurus are hard to
accommodate. Modern search machines on the web use an automatic pre-

classification of web pages.

2.8. Related works

There are many researches that have been conducted on text classification on different
domains. Different approaches like manual text classification, rule based text
classification and machine learning approach (which can be unsupervised and/or
supervised) have been followed to conduct text categorization on each domain. They
achieved the best accuracy on each of their works. News, email-filtering, news routing
and medical document categorizations are the most common area in which text
categorization is applied with different languages. In the next sub sections we will
briefly review some of the text categorization works that have been conducted on

different areas using different approaches.
2.8.1. Works done in text categorization

Jindal, Rajni, and Shweta Taneja [51] have proposed a novel lexical approach to text

categorization in the bio-medical domain. They have proposed LKNN (Lexical KNN)
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algorithm, in which lexemes (tokens) are used to represent the medical documents.
These tokens are used to classify the abstracts by matching them with the standard list
of keywords specified as MESH (Medical Subject Headings). It automatically classifies
journal articles of medical domain into specific categories. The collection of medical
documents, called Ohsumed, were used as the test data for evaluating the proposed
approach. Comparative study have been done to compare the performance of
traditional KNN and LKNN with the different K values. And the result is noted in terms of
f-measure for k=1,f-measure for KNN=1 and for LKNN=1;k=5, f-measure for KNN=0.75
and for LKNN=0.77;k=7, f-measure for KNN=0.76 and for LKNN=0.77;k=10,f-measure for
KNN=0.78 and for LKNN=0.8;k=12,f-measure for KNN=0.8 and for LKNN=0.8;k=15,f-
measure for KNN=0.83 and for LKNN=0.84. The results show that LKNN outperforms
the traditional KNN algorithm in terms of standard F-measure.

Suleymanov [52] attempted to design automatic news labeling of Azerbaijani news
articles corpus by applying supervised machine learning approach specifically, naive
Bayes, support vector machines (SVM) and artificial neural networks classifiers. A total
of 130000 news articles have been gathered along with their assigned categories. The
documents are grouped under 8 mutually exclusive categories. Chi-squared test and
LASSO (Least Absolute Shrinkage and Selection Operator) methods have been
implemented for feature selection and pre-processing. By applying naive Bayes, the
highest accuracy we got was 80.4%. This accuracy is achieved by applying count
vectorization as feature extraction. The least accuracy observed was by using tf-idf
approach with Naive Bayes and artificial neural network model gave 86.3% accuracy
result on Azerbaijani news article dataset. Application of feature selection namely, Chi
squared test increased the accuracy of artificial neural networks by 2.8%.

Different local researches have been proposed on text classification using different
approaches and domains. Most of these local works are done on news domain in

different local languages like Amharic news, Afan Oromo news and Tigregna news.

Worku [19], has conducted research on Amharic news classification with the aim of
classifying Amharic text news automatically using neural networks learning method

called learning vector quantization. First text preprocessing techniques has been
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applied on the dataset which includes tokenization, removing of stop-words, and
stemming. The remaining terms are organized according their frequency. Two
weighting schemes, Term Frequency (TF) and Term Frequency by Inverse
Document Frequency (TF*IDF), are used so as to weight the features in news
documents to construct news by features matrix, which is fed to the learning algorithm
and The result shows that the term frequency weighting scheme outperforms term
frequency xinverse document frequency weighting scheme by 3.54% on average .Using
the TF weighting method, 94.81%, 61.61% and 70.08% accuracies are obtained with
three, six and nine categories experiments respectively and the average accuracy is
75.5%. For similar experiments, Using TF*IDF weighting method an accuracy of
69.63%, 78.22% and 68.03% is obtained with three, six and nine categories

experiments and an average accuracy is 71.96%.

Alemu [4], attempts a hierarchical text classification of Amharic news items using
support vector machine. The research has an aim of constructing hierarchical classifier
and it has evaluated the performance of the hierarchical classifier over the flat classifier
with same dataset. The result of the experiment shows that the performance of the
classifier increases as it moves down through the hierarchy. Besides, the hierarchical

classifier out performs the flat classifiers with same data set.

Gebrehiwot [3], attempted to design a two-step Tigrigna text categorization system.
First, clustering is techniques are applied to the data for finding natural grouping of the
unlabeled Tigrigna text documents. Here, repeated bisection and direct k-means
clustering algorithms are used to obtain documents of natural group of the Tigrigna
data set. The repeated bisection clustering algorithm outperforms the direct k means
clustering algorithms. So, the repeated bisection clustering algorithm results are
selected for classification task. Second, decision tree and support vector machine
techniques are used for classification task. The SMO support vector machine classifier
performs better than J48 decision tree classifier with 82.4% correct classification.

Animut [17] tried to explore a semi-supervised text classification using the Ambharic text
documents. A total of 3,154 news articles were used to do the research. To come up

with good results document preparation and preprocessing was done. Weka package is

31



used for the classification of the preprocessed data. Machine learning techniques,
Expectation maximization clustering algorithm with Naive Bayes, Hyperpipe, and RBF
Network classification algorithm were used to categorize the Amharic news items. The
accuracy of the classifiers was better when the number of classes is less. The best
result was obtained by the Naive Bayes, Hyperpipe and RBF Networks classifiers with
four classes (83.44 %, 82.8 and 82.4%) and the least performance is shown on the 10
categories (55.42%, 57.26% and 51.9%) respectively. The study also indicated that Naive
Bayes is more applicable to semi supervised categorization of Amharic news items.

Kemal [33] investigated the application of machine learning techniques for automatic
categorization of Afan Oromo news text using Decision Tree and Support Vector
Machine Classifier . Annotated news texts are used to train classifiers with six news
categories: sport, business, politics, health, agriculture, and education.824 total data
set of news texts were used to do the research. To come up with good result text
preparation and preprocessing was done. The best result obtained by Decision Tree
Classifier and Support Vector Machine is on six categories data(96.58, 84.93%)
respectively. This research indicated that Decision Tree Classifier is more
applicable to Afan Oromo news text than the other classifiers. The 10 fold cross

validation was used for testing purposes.

Naol and Getachew [7] attempted to presents Afan Oromo text categorizations by using
clustering & classification approaches. The aim of was to design, and implement Afan
Oromo nonfiction text categorization model & examining the application of machine
learning techniques for automatic Afan Oromo nonfiction text categorization
system. Data is collected from Oromia Culture and Tourism Bureau, Oromo
cultural center, online electronic documents and other nonfiction books available.
Python programming language is used for tokenize, remove stop words and stem Afan
Oromo nonfiction text words whereas R programming language was utilized for
document indexing, Normalization, cosine similarity, and preparing documents for
machine learning. Weka with java is used for splitting Afan Oromo nonfiction text
document data set into train set and test set. Again Weka is used for clustering and

classification of Afan Oromo nonfiction texts. By using k-mean algorithm clustering
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tasks were performed four times to get classes of documents. Among those, one
clustering was resulted in cluster with 8 main categories were obtained as good
clusters. J48, Naive Bayes, Bayes Net, and SMO classifier algorithms were
implemented for training text classification model using the 8 main classes of
documents. Among those classifications algorithms, J48 algorithm shows higher
performance of 94.3755% and hence it was utilized for constructing classification
model. From this work they conclude that machine learning techniques can be applied
for Afan Oromo nonfiction text categorization.

2.8.2. Works done in job vacancy categorization

John Lynch [20] , proposed a job title classification system using Random Forest and
Support Vector Machines supervised learning algorithms. The generated prediction
models make prediction based on the Top 30 most frequently occurring Job Titles Data
(job descriptions) labelled with Job Titles collected from a popular national job postings
website (www.irishjobs.ie). The data was collected via web scraping from
www.irishjobs.ie; a popular Irish job advertisement website. This website was selected
as it has a broad range of job postings. A total of 10,294 dataset is collected which are
active as of 1 June 2017. The web scraping is done using the revest package on r After
Several standard text-pre-processing in order to reduce dimensionality of the corpus
Feature engineering was used to create a Data Model(s) of selected representative
keyword generated on the basis of term frequency. The best model was the SVM linear
kernel-based model, which had an Accuracy rate of 71%, Macro Average Precision of
70%, Macro Averaged Recall of 67% and a Macro Average F-Score of 66%. Whereas The
least model was Random Forest based model; with a Accuracy rate of 58%, Macro
Average Precision of 56%, Macro Average Recall of 55% and Macro Average F Score of
56%. At the end the researcher recommended to apply a more advanced text processing
methods using NLP dictionaries, while more complex machine learning techniques can
be employed such as ensemble methods to improve predictive power. And other similar
and parallel research on web-based text mining, linking ends of activity to their intrinsic
components may use the described method. This could be applied to domains such as

marketing and medical categorization.
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Amato, Flora, et al [18], proposed classification of Web Job Advertisements: A Case
Study using different techniques. A total of 40,000 vacancies scraped from 12 Web
sources and a subset of 412 job offers selected for being a representative sample. Then,
each job vacancy has been manually labelled by domain experts at CRISP Research
Centre using the qualification codes outlined in the CP2011 classifier, by looking at both
offer titles and full descriptions to assign labels. This sample dataset was be used as a

gold benchmark to evaluate the classification technique outcomes.

Furthermore, a common text preprocessing pipeline was used before applying any of
the approaches applied that includes: tokenization, lower case reduction, html special
characters substitution, stop words removal, misleading words elimination, and
numbers elimination. The word stemming was performed using the Italian stemmer
provided by the NLTK framework version 3.0a3 [16]. Finally, in this experimental phase
only job titles have been considered as input of the classification process. Then explicit
rule-based approach is applied for two goal: (i) to identify the relevant terms used in
vacancy Web ads, and (ii) to relate them to the occupation codes used in the CP2011

classifier.

Then, two machine learning classifiers were used to perform the text classification
purposes: the LinearSVC (an implementation of Support Vector Machine Classification
using a linear kernel) and the Perceptron classifier, both built using the Scikit-learn
framework. A grid search of the classier parameters maximizing the classification
accuracy was performed on both classifiers. Next, LDA based approach is applied.
Graph was built to compute the distance between two occupations o1, 02 as the
shortest-path between them.

The result showed that the LDA approach has the lowest average shortest-path length.
This means that LDA tends to classify a job offer over an occupation code that is
distant averagely 1:5 from the correct classification, while rules-based approach here
has the worst performance, mainly due to unclassified job offers that automatically
assigns to it the maximum distance. Furthermore, if infrequent job offers neglect the
(the ones occurring less than 5 time in the sample) all the distance values improve and,

here, the linear SVC reaches an average distance less than 1. In other words, the SVC
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classier averagely classifies over an occupation code that is a one with the right one.

For supervised learning approaches the highest the number of job offers with the same
code, the lowest the average distance from the gold benchmark. Differently, rule-based

algorithm performs averagely well even on infrequent job offers.

The researcher suggested that to consider the full descriptions of job vacancies and to
tackle the increased complexity of longer (and noisier) texts through computational
linguistic approaches. (in addition to occupation codes) e.g., the required skills, contract

types, business sectors, education levels, etc.

As per the review of related works, the attempts done for categorizing job vacancy
announcement focused on text written in English and the local works done on text
categorization focused on news domain. To fill the gap in research works and towards
automating search for job vacancy announcements there is a need to conduct further study for

the categorization of job vacancy announcements text written in Amharic.
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CHAPTER THREE

THE AMHARIC LANGUAGE AND ITS WRITING SYSTEM

3.1. Overview

Ambharic (x99C% - amaraffia) is an Ethiopian language which comes from Semitic
language and used as first language by Amhara (a%9¢) which is found in the northern
Ethiopia [17]. The Amharic language is regarded to be the language's historical center.
It is Ethiopia's (A T%&¢) working language. The majority of the 25 million or so Amharic
speakers live in Ethiopia, although the language is also spoken in a number of other
countries, including Eritrea (»C*t¢), Canada, the United States, and Sweden [17] [19].

The Federal Government of Ethiopia's working language, Amharic, is spoken and written
as a first or second language in many parts of the country. Amharic, like other Ethiopic
script languages (Gurage, Harari, Tigre, and Tigrniya), uses fidel (,£4) characters, which
are mostly derived from Geez [1] [17]. Around 1986, the Ethiopic script was first shown
on a computer. The difficulty in computerizing the script at the time was designing a
software package that could handle character design, keyboard layout, and printer setup.
The work by ESTC started an enthusiastic rush to develop Ethiopic software by various
IT companies and teams of individuals, resulting in a lack of uniformity on a computer
around 1986. More than 35 Ethiopic software applications are currently available, each
with its own character set, encoding scheme, typeface names, and keyboard layout. The
recent addition of the Ethiopic range to the Unicode standard may aid in the
standardization of previously incompatible applications [17].

3.2. The Amharic Characters (d£4\)

Alphabets which is also known as characters, Fidel (424\) in Ambharic is a sets of letters
arranged in fixed orders of the language and is used to represent a phoneme [17]. It
contain consonants and vowels. The Amharic writing system consists of a core of thirty
three characters each of which occur in one basic form and in six other forms called

orders. The seven orders (the 1% basic form and rest six orders) of the Ambharic
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script represent the different sounds of a consonant-vowel combination known as
syllabic [4] [53]. According to [53] [4], each character describes a consonant together
with its vowel, the vocalic symbol cannot be detached from the consonant
element. Thus, Amharic does not use independent symbols for vowels. The non-basic
forms are derived from the basic forms by more-or-less regular modifications [54].
The Ambharic alphabet does not have capital and lower case distinctions. A list of the

Ambharic alphabets (4.£4) with its orders is shown in appendix I.
3.3. Ambharic Punctuation Marks

Punctuation is commonly employed in languages to create a sound gap between words
or phrases. Amharic has its own set of punctuation signs, some of which are unique to
the language and others which have been taken from other languages. There are
approximately 17 punctuation marks in Amharic [4]. Sample of punctuation marks used

in Amharic language is shown in table 3.1. The complete is listed in an appendix Il.

Table 3. 1 Sample Punctuation Marks used in Amharic (Source: [4])

Mark | Amharic English Uses
Meaning Meaning
UAY 9N Space To separate words
AGT 1 Full stop To separate single phrases
T 1MA N¢H Comma To separate single phrases Unique to
Ambharic
I £CN N¢H Semicolon To separate more than single | [ anguage
phrases
? MEe J°ART | Question To emphasize a sentence spoken
Mark
Borrowed
! PA AT Exclamation | To give to a spoken word, phrase | from
or sentence Foreign
Language
. ¥9°UCT MPN | Double To emphasis ones speech,
Quotation
says, etc
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3.4. Amharic Number System

Ambharic numbering system uses Ge'ez numbering system [3]. According to [54],
Amharic number characters are derived from Greek letters, and some were modified to
look like Amharic fidel. In Amharic language numbers one to ten, multiples of ten
(twenty to ninety), hundred, and thousand are represented by single characters. A
horizontal stroke runs above and below each symbol. In the Amharic script, there is no
symbol for zero. As a result, arithmetic computations utilizing the symbols are
extremely complex, assuming they can even be done at all. As a result, Hindu-Arabic
numerals are commonly used. Dates and page numbers in text are generally written in

Ethiopic numeral systems [54]. Sample Amharic numbers are shown in appendix Ill.
3.5. Amharic word class

As other languages Ambharic language has set of structural rules governing the
composition of sentences, clauses, phrases, and words in a given natural language
which is known as grammar ("Pn@.). According to Abeba [55], there are five word classes.

These are noun, verb, adjective, adverbs and prepositions.

Ambharic Nouns
Nouns are words that are used to designate a set of names, things, or locations, etc in
the Ambharic language [55] . Amharic nouns have the possibility to have up to two
prefix and four suffixes for each stem [56]. According to [56] Amharic nouns have the
following common structures and properties.

v »% (read as “och”) morpheme as a plural marker

v In the sentence nouns can be used as a subject.
v" Nouns can also be used as object in the sentence
v

And can take modifiers and quantifier

Ambharic Adjectives
Adjectives in Amharic language is used to modify nouns or a pronouns by describing,
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identifying, or quantifying words [55] [56]. Adjectives frequently comes before noun or

pronoun that they modify and gives more information about noun or pronoun it

modifies. But always the words which comes before nouns can't be an adjective.

Objects can be differentiated from each other by attributes like color, shape, behavior,

etc. and that differences are described by means of adjective word class.

For example, M*( Bh't which means black jacket. In the above example the word

M<(C/black is an adjective that modifies the noun ®h*t/jacket. It gives more

information about the color of the jacket.

Ambharic Verbs

Verb is a word that indicate action [55] . It can be described as a word used to show

that an action is taking place, a word to indicate the existence of a state or condition

[56]. Amharic language verbs are very complex consisting of a stem and up to four

prefixes and four suffixes and are inflected for person, gender, number, and time with

the basic verb form being third person masculine singular. Verbs in passive voice are

marked by suffixes that depend on person and number.

Ambharic Adverbs

An adverb is a term that modifies the verb that follows it [56]. Adverbs in Amharic can
signify time, manner, place, cause, or degree, and can also answer questions like A7 &%
"how", 0DF "when", £ "where". There are only a few primitive adverbs and these are:- 1§
“vet”, h &% “severely”, +/e “quickly”, &A% “foolish”, etc [55] .

Preposition

Ambharic prepositions are words which are usually used before nouns to show their
relation to another part of a clause and they are limited in number [55] [56]. Some
examples of prepositions are:- x7£/like, hA/for, n/from, ®f/to, etc. Amharic
prepositions have meaning only when they combined with other word class. So that
they are used as affixes by coming before and after words. Some examples of Amharic
prepositions that come before words and after words are: - NA/for, x7€/like and

AMIN/near to, 99&/beyond respectively.,
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3.6. Amharic Morphology

Ambharic, like other Semitic languages, has a morphologically complicated structure [57].
As stated by [58] tense, aspect, and mood; different derivational categories such as
passive, causative, and reciprocal; polarity affirmative/negative); relativization; and a
variety of prepositions and conjunctions are all conveyed via Amharic morphemes. Verb
stems in Ambharic, as in other Semitic languages, are made up of a root + vowels +
template merger. For example, the root verb sbr + ee + CVCVC, which leads to the stem
seber (“broke”) [57] [58]. A root represents a group of consonants with a common
lexical meaning. This non-concatenative morphological properties makes Amharic
morphology analysis more complex. In addition to this affixes also construct
inflectional and derivational morphemes in Amharic. Prefix, infix, suffix, and circumfix

are all examples of affixation [58].

Ambharic nouns are inflected for case (i.e. accusative/ objective, possessive/genitive),
number, definiteness and gender. Adjectives in Amharic can be marked for number,
definiteness, cases, and gender in the same way as nouns can. Except for certain plural
construction, the affixation of morphemes to convey numbers is similar to that of nouns.
The verb is inflected for person, voice, tense aspect mood (TAM), number, gender and
mood. As a result, a single verbal root can yield tens of thousands different verbs.
Nouns in Amharic language can be derived from nouns itself, verbal roots, adjectives,
stems, stem like verbs. There are only a few primary adjectives (non-derived) in the
language. On the other hand many adjectives can be derived from stems, compound
words, nouns and verbal roots. It can also be derived by intercalating vocalic parts into
roots or adding a suffix to bound stems. Amharic verbs can also be derived from
different verbal stems in many ways [57].

3.7. Problems in Amharic Writing System

There are several problems perceived in the Amharic language writing system. These

problems are discussed as follows.

Existence of character variants: There are different One of the problems in Amharic
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writing is the redundancy of symbols used with the same pronunciation. That
means there are some letters that are used for representing similar sound in Amharic
[1]. Although in the Ge'ez language, these different symbols give each word different
meanings, in the Amharic language they have been used interchangeably. For example,
consider U, & and 1. Since all of the above three letters have different symbols, they
have the same pronunciation h. Similarly both W and N have the same pronunciation

(/s/), 0 and a are pronounced as /a/ and R and 6 are pronounced as (/s’/).

Spelling variation of the same word: One can imagine how the meaning of the original
word is diverted to different contexts. Spelling variation of the same word: the same
word is written in various forms. For example, the word ‘h9°+AA’ (‘he hears’) can
be written in Amharic as N9°taA, NI°LA, NI°TPA, etc. Spelling variation may happen
also in the case of translating foreign word to Amharic. The problems resulted from use
of loan words that are borrowed from other languages and that do not possess their
own translation in Amharic. For instance, the word sponsor transliterated differently as
N7 71NC or \AZINC.

Formation of Compound Nouns: In Amharic language compound nouns are sometimes
written as two separate words. For example, Nt-0-nN¢ which means “laboratory” van be
written as NT00-N¢ or Nt 0N¢. This happened to be inconsistent in Amharic texts and

should be considered in automatic classification [54].

Inconsistency of Abbreviation: Abbreviation of concept is another problem that leads to
inconsistency problems for automatic classification. For instance, the phrase or 90+
9°U<¢r which means AD can be written as 9.9°, 9/9° or 9-9° which result in an
inconsistency of abbreviating Amharic words. These different representations of the
same word create high dimensional vector space and it has a negative effect on the
performance of learning algorithms [17]. Though, in text classification tasks such words

should come into one common form.
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CHAPTER FOUR

METHODS AND APPROACHES

4.1. Overview

This chapter briefly discusses the general architecture of the proposed model, data
preprocessing processes and algorithm selected for categorizing job vacancy
announcement text. As noted by Gonfalonieri [59], machine learning models heavily
depend on data and training dataset is required in order to apply machine learning
algorithms. Training data set is the actual data set used to train the model. Without a
foundation of high quality training data, even the most performing algorithms can be
rendered useless [60]. So it is important to give attention to the preparation of quality
data [59].

Each step used for preparing data in this study is clearly discussed in the following sub-
sections. First, we present the proposed architecture that describes components
integrated for the purpose of categorizing job vacancy announcement. This is followed
with a discussion of methods and algorithms used for data set preparation, machine

learning and evaluation of the prototype.

4.2. Proposed Architecture

The proposed architecture for job vacancy announcement text categorization is shown
in figure 4.1. The proposed architecture is composed of the following stages. These are
document preprocessing, classification and testing of the model. Document
preprocessing tasks include tokenization, normalization, removal of stop words and

stemming.
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Once document preprocessing task is done, the datasets is divided as training and
testing data and it is converted in to an appropriate format (i.e. into the form that is
suitable for machine learning algorithms). Then learning algorithms process this
dataset and classify the text to its category. The performances of those classification
algorithms will be evaluated by using four classification evaluation metrics, such as
accuracy, recall, precision and F-measure. Finally the algorithm that performs the best is
selected to construct the classification model for Amharic vacancy text and it is tested

using confusion matrix.

Preprocessing

b

N >
Document
Collections

J

Training

Test data set




Figure 4. 1 The Proposed Architecture of Vacancy Text Categorization
4.3. Dataset Collection

The data set used for conducting this research is Amharic vacancy text which is

collected from different job posting websites (https://jobwebethiopia.com,

https://ethiojobs.net, https://www.ethiopianreporterjobs.com). Detail of data collection

for training and testing is shown in table 4.1.

Table 4. 1 Summary of data collected from different job posting websites

Websites Size Percentage (%)
https://jobwebethiopia.com 614 36.5
https://www.ethiojobs.net 421 251
https://www.ethiopianreporterjobs.com 645 38.4

Total 1678 100

In this study, the vacancy text used to conduct the experiments is collected from the
above different websites using data miner web scraping tool. Data Miner Scraper is a
data extraction tool that lets users scrape any HTML web page [61] [62]. It is a browser
extension software that assists you in extracting data that you see in your browser and
save it into an Excel spreadsheet file. It helps to extract tables and lists from any page
and upload them to Google Sheets or Microsoft Excel. With Scraper you can export web
pages into XLS, CSV, XLSX or TSV files (xls .csv .xIsx .tsv) [61] [62]. In the current
research this tool is used to scrape the vacancy text from the above sources and
exported as .xIsx file. Moreover, since not all contents of the document are important to
categorize the document the researcher consider job requirement or educational

background to classify the document as it contains complete information than job title.

One thousand six hundred seventy eight (1678) vacancy text documents were collected

from the above sources for agriculture, business and economics, computer science and
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related fields, engineering, health, law, natural science and social science fields. Detail

for the number of datasets for each categories is presented on chapter five on table 5.1.

Out of these data the researcher selected one thousand six hundred ten (1610) data to
conduct the experiment. The reason why the researcher selected only 1610 from the
total dataset is that; some of these data does not contain full information or some
information are missing. That means there are positions that do not contain educational
background like “motorist”. As educational background is considered in this study for
categorization of job vacancy announcements, job positions missing educational

background is removed from the dataset.

4.4. Preprocessing Vacancy Text

Online texts contain usually lots of noise and uninformative parts such as HTML tags,
scripts and advertisements and on words level, many words in the text do not have an
impact on the general orientation of it [63]. In order to make a document ready for
model building and evaluation, preprocessing task is very important. It is required to
make ready the data set used for training and testing machine learning algorithms. It is
the method to improve the accuracy, efficiency, and scalability of the classification
process. In order to get better experimental results, language dependent document

preprocessing should be performed before automatic classification is implemented.

Text preprocessing is the task by which the text is made comfortable to the learning
algorithm. In of the current study this step is applied to convert raw data in a natural
language processing to the most important text features that used to identify between
text-categories. In this study preprocessing of vacancy text is applied before they are
used for the categorization task. The preprocessing task comprises a removal of non-
informative words or characters from the text [3] [4] [5] [17]. The different tasks
performed during the preprocessing phase are text cleaning, normalization, tokenization,
case conversion, stop word removal, stemming and term weighting. Details of these

tasks are discussed in the following subsections.
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4.4.1. Data Cleaning

Data cleaning is performed before applying the text categorization process. Text data
contains a lot of unnecessary tokens like digits, punctuations and symbols that should
be removed before performing any further operations like tokenization, and
normalizations If these tokens and characters remain in the document, then it may
corrupt the document and makes the task of preprocessing challenging. The algorithm
used for removing unwanted characters works as follows. Special characters and
numbers list for example 1, 2, 3../,:;, §, %, ?, ... is prepared and tokenized words are
checked whether it in this list or not. If the token is in special word list it is removed; it
will remain otherwise. The algorithm used for removing unwanted characters and digits

is shown below in Figure 4.2.

Algorithm RemoveUnwantedCharachtersAndDigits()
Open file
Open list of special characters
While not end of file
If a character is in list of special characters or number then
Remove character
End if
End while
Return cleaned text

End Algorithm

Figure 4. 2 An Algorithm to Remove Unwanted Characters and Digits

There are some vacancy texts written in English language. The researcher used Google
Translator API to translate these texts written in English into Amharic. Since there are

few number of abbreviations in the data these are expanded manually.
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4.4.2. Attribute Selection

Vacancy text can be categorized based on different parameters like job items, locations,
experience, level of education, employment type and educational background on each
job posting website. Among these parameters the researcher selected to categorize the
vacancy text based on their items or categories using educational requirement. Most
researches done on vacancy announcement had used job titles to categorize vacancy
texts into their predefined categories. But job title doesn’t give full information for

classification [18].

Since the vacancy text used in this research is taken from the websites that categorize
each job announcement by their educational background. As a result these job items
that placed under one category is taken as instances for that category. For example the
class label for these job items under engineering are “engineering” and the same is true

for other categories.

Since most vacancies announced as; for instance, information technology, computer
science, information systems and related fields, we have categorized related fields as a
single category. Categorizing these related fields into a single category is used to
minimize the redundancy of text in the dataset. The job announcement that does not
contain educational background is not considered in this study, where 1610 dataset
with eight categories are selected to conduct the experiment. The detailed categories
used will be discussed under chapter five, section 5.2.

4.4.3. Tokenization

For many natural language processing tasks, we need to first access each word in the
string. So to access each word, the text should have to be broken into smaller
components. Tokenization is the text preprocessing task of breaking up text into
smaller components of text known as tokens which are bases for document
representation [5] [64]. Words, numbers, punctuation marks, and others can be
considered as tokens [65]. Further processing is generally performed after a piece of
text has been appropriately tokenized.
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Token is a single entity that is a building blocks for sentence or paragraph [66].
Sentence tokenizer algorithm breaks text paragraph into sentences and Word tokenizer
breaks text paragraph into words [66]. Sentence tokenizer algorithm reads the cleaned
text file line by line upto the end of file and breaks the words in each line in to tokens by

using spaces between words and characters. The algorithm for word tokenization is

shown | Algorithm tokenization ()
Open file
Read the content of the file line by line
While not end of file
Split into word by space
End while
Return list of tokenized words
End Algorithm

Figure 4. 4 An Algorithm to Tokenize Vacancy Text

4.4.4. Normalization
In Amharic language writing system there are some characters with the same sound but

have different symbols. These different symbols must be considered as similar
because they do not have effect on meaning [17]. As a result, in this study, all different
symbols of the same sound are converted into one common character. Thus, for
example, if the character was one of ih:Y/:1 or 3 (all of them with a similar sound, h)
then it was converted to U. By the same token, all orders of W (with the sound s) were
changed to their equivalent respective orders of N, all orders of 0 (with the sound a)
were changed to their equivalent respective orders of &, all orders of 6 (with the
sound tse) were changed to their equivalent respective orders of &. The algorithm for
normalization works as follows. List of similar characters to be normalized with its
corresponding selected replacement character is prepare then the algorithm checks for
characters with the same sound in the tokenzed words and replace it with the

corresponding replacement character which is prepared list. The algorithm is shown in
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Figure 4.3.

Algorithm convertintoOneCommonCharacter ()
Open file
Open list of similar characters
While not end of file
If character in list of similar characters
Replace characters with selected character
End if
End while
return list of converted words

End algorithm

Figure 4. 3 An Algorithm to normalize Amharic Characters

4.4.5. Stop Word Removal

Stop words are the most common words in any natural language. For the purpose of
analyzing text data and building categorization model, stop words might not add much
value to the meaning of the document since they carry no predictive influence of the
model and can also be removed [67]. Removing stop words is not a hard and fast rule in
NLP. It depends upon the task that we are working on. For tasks like text categorization,
where the text is to be classified into different categories, stop words are removed or
excluded from the given text so that more focus can be given to those words which
define the meaning of the text. However, in tasks like machine translation and text

summarization, removing stop words is not advisable [68]. The benefits of removing
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stop words include the following [68]. First, it decreases dataset size and the time to
train the model. It also helps to improve the performance of the classifier as there are
fewer and only meaningful tokens left. The algorithm used to remove stop words work
as follows. List of common Amharic stop words and stop words considered in this
research is prepared and saved as separate file. Then the algorithm read vacancy text
and check if the word is in the list of stop words. If the word is found in the list of stop
words; the word is removed. Otherwise the text is moved to the non-stop words. Figure
4.5 presents the algorithm used for stop word removal from the data set.

Algorithm stopWordRemoval()
Open file
Open list of Amharic stopwords
While not end of file
If a word exist in stop word list then
Remove a word
else
Move to non-stop word list
end if
end while
return non-stop word lists
End Algorithm

Figure 4. 5 An Algorithm for Stop Word Removal from Vacancy Text

4.4.6. Stemming

Stemming is a process of linguistic normalization, which reduces words to their word
root or chops off the derivational affixes of a word. For example, Amharic words,
"aPUNGR”; “N99UNC” are reduced to the stem word “o9UNnc” [66]. Stemming words helps
to define words in the same context with the same term and this consequently
reduce dimension of the word in the training corpus [3]. Stemming programs are
commonly referred to as stemming algorithms or stemmers. Stemming is an important
part of the pipelining process in Natural language processing. Tokenized words are

given as an input to the stemmer [69]. Even if there are different famous stemming
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algorithms, such as porter stemmer for English, they cannot be directly applied for local
languages. As a result, the researcher identified the prefix and suffixes in Amharic [4],
and wrote a code by using python programming language to remove these affixes. The
algorithm used to stem Amharic vacancy words work as follows. List of prefixes,
suffixes and exceptional words were prepared. Exceptional words list are list of words
with affixes which may change the meaning of the word or reduce the word to
meaningless if removed. Consider the word "nt9" which means city. Since “n” is in
prefix list it is going to be removed and the rest word remains meaningless. So h in this
and such words should not be removed and "nt9%” is in exceptional word list. After
opening Ambharic vacancy words the algorithm check whether the word start with prefix
or not. If word start with prefix and not in exceptional word list its prefix is removed.
Otherwise the word remain as it is. Similarly if word ends with suffix and not in
exceptional word list its suffix is removed. Otherwise the word remain as it is. Figure 4.6

presents the algorithm used for stemming vacancy text from the data set.

Algorithm stemming ()
Open file with list of words
While not end of file
If word start with prefix
If word not in exceptional list
Remove prefix
End if
End if
If word ends with suffix

If word is in exceptional word list




Figure 4. 6 An algorithm for Stemming Amharic Vacancy Text

4.5. Feature Extraction using Term Weighting

After the word stems are generated, the next step is feature extraction. The relevance of
a word to the topic of a document is measured using term weighting. These terms are
identified from training data such that each class can be represented with the
appropriate terms (class representatives) of that class. So the term weighting measures
the importance of the term to represent the given documents and is proportional to the
number of times term appears in the document. Here, the document, D is represented in

a vector space as follows.

D= (w1, W2, W3,..WT|)

Where wi is the weight of i" term in document D and |T| is the total number of unique
terms in the document collection. There are different term weighting approaches and

most of them are based on the following characteristics [3].

e The importance of a word to the given documents is proportional to the number

of times it exists in the documents.

e If the word appears in most of the documents, its discriminating power between
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documents is less.

The most common term weighting approaches used in text categorization is term
frequency x inverse document frequency (TFIDF) weighting [3] [5] [4]. It is calculated by

multiplying term frequency by inverse document frequency.

Term frequency (TF) is a technique for weighting by counting the occurrences of terms,

t within a document, d normalized by the amount of words within a document.

Number of times term t appers in a document
Total number of terms in the document

(4.1)

TF (¢, d) =

Inverse Document frequency (IDF) is used for finding the importance of the word for
representing a document. It is based on the fact that less frequent words are more

informative and important. IDF is computed by the formula:

IDF=log % 4.2)

Where, N is the total number of documents in the collection and n is the number of

documents containing a word.

TF*IDF is a numeric measure that is used to score the importance of a word in
a document based on how often did it appears in document d and across a given

collection of documents, D.

( ,d )=(C ,dx(, ) (4.3)
Where w denotes the term; d denotes each document; D denotes the total collection of

documents.

To generate the document vectors for conducting the experiment we used TF*IDF
weighting approach. And finally a word document matrix is constructed, that shows
the frequency of words that occur in a collection of documents.

4.6. Machine Learning Algorithm

Automatic classification of documents using machine learning approach requires the
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learning process to be initiated by supplying the examples labeled with their class-
category from which the systems starts to learn. According to Sebastiani [26], the
essential idea is to infer a classifier (i.e. a rule that decides whether or not a document
should be assigned to a category) from a set of labeled documents (i.e. documents with
known category assignments). In this study three popular supervised learning
algorithms are used to classify vacancy text, which are Naive Bayes classifier, SVM

(Support Vector machine) and KNN (K-Nearest Neighbor).

Naive Bayes classifier uses the joint probabilities of words co-occurring in the
category training set and the document to be classified to calculate the probability that
the document belongs to each category. The document is assigned to the most
probable category. The naive assumption in this method is the independence of all the

joint probabilities [4].

NB classifier works on conditional probability. Conditional probability is the probability
that something will happen, given that something else has already occurred. By using
conditional probability, it is possible to calculate the probability of an event using its
prior knowledge. Naive Bayes classifier calculates the probability of an event in the

following steps: [70]

In case of a single feature

o Calculate the prior probability for given class labels

« Find Likelihood probability with each attribute for each class

o Put these value in Bayes Formula and calculate posterior probability.

o See which class has a higher probability, given the input belongs to the higher

probability class.

In case of a multiple feature
o Calculate prior probability for given class labels
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o Calculate conditional probability with each attribute for each class

o Multiply same class conditional probability

o Multiply prior probability with step 3 probability

« See which class has higher probability, higher probability class belongs to given

input set step.

Support Vector Machines represents every document as a vector and tries to find a
boundary that achieves the best separation between the groups of vectors. The system
is trained using positive and negative examples of each category and the boundaries
between the categories are calculated. A new document is categorized by calculating

its vector and determining the partition of the space to which the vector belongs.

SVM algorithm works by making a straight line between two points. All of the data
points on one side of the line represents a category and the data points on the other
side of the line placed into a different category where there can be an infinite number of
lines to choose from [71]. SVM classifier is better than other algorithms, like k-nearest
neighbors, in that it chooses the best line to classify your data points. It chooses the line
that separates the data and is the furthest away from the closet data points as much as

possible.

KNN is an effective and powerful classification and regression algorithm because
it does not assume anything about the data, other than a distance measure can
be calculated consistently between two instances. As such, it is called non-parametric

or non-linear as it does not assume a functional form [28].

KNN classifier is to predict the target label by finding the nearest neighbor class. The
closest class to the point which is to be classified is calculated using Euclidean
distance. The algorithm works as follows: First, given a test document x, the KNN
among the training documents are found. The category labels of these neighbors are
used to estimate the category of the test document. In the traditional approach, the
most common category label among the k-nearest neighbors is assigned to the test

document [17].
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KNN algorithms decide a number k which is the nearest Neighbor to that data point
which is to be classified. For example, if the value of k is 5 it will look for 5 nearest
Neighbors to that data point. Deciding the k can be the most critical part of K-nearest
Neighbors. If the value of k is small then noise will have a higher dependency on the
result. Overfitting of the model is very high in such cases and bigger the value of K will
destroy the principle behind KNN. So the optimal value of K can be found by using cross

-validation. The following algorithm shows how KNN algorithm works [72]:

o Select the number K of the neighbors

o Calculate the Euclidean distance of K number of neighbors

o Take the K nearest neighbors as per the calculated Euclidean distance.

o Among these k neighbors, count the number of the data points in each category.

o Assign the new data points to that category for which the number of the neighbor

is maximum.

o Our model is ready.

4.7. Evaluation Techniques

In the current study the performance of the classification model is evaluated by using
four indexes. They are Accuracy, Precision, Recall and F1-score. The common way for

computing these indexes is based on the confusion matrix as shown below [73]:

Table 4. 2 Confusion Matrix

Predicted Class
Actual Positive Negative
Class Positive True Positive False Negative
Negative False Positive False Positive

The confusion matrix shows the classification result in terms of true positive, rue
negative, false positive and false negative.

e True Positive: is an outcome where the model correctly predicts the positive
class.

e True negative: is an outcome where the model correctly predicts the negative
class.
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o False positive: is an outcome where the model incorrectly predicts the positive
class.

o False negative: is an outcome where the model incorrectly predicts the negative
class.

Accuracy: is the proportion of true results among the total number of cases examined.

TP+TN
TP+FP+FN+TN

Accuracy = 4.4)

Precision: is the ratio of correctly predicted positive items to the total predicted positive
items.

Precision = (4.5)

TP+FP

Recall: quantifies the number of positive class predictions made out of all positive
examples in the dataset.

TP
TP+FN (4.6)
F1 score: is a number between 0 and 1 and is the harmonic mean of precision and recall.

Recall =

. Precision*Recall
Precision+Recall

F1=2 4.7)
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CHAPTER FIVE

EXPERIMENTATION AND DISCUSSION

5.1. Overview

In this chapter the details of all experimentations and discussion of the result have been
presented. The experimentation is conducted to see the steps and methods we
followed works in classifying job vacancy announcement texts into their predefined
classes, such as “M4” (health) “PUIENE” (engineering), “hPPTATC 2870 HCEF”
(computing), “td™C "&7N" (natural science) “99UN&® "L7N" (social science), “U?”
(law), “2NCE” (agriculture) and “NVHYA A APFIZAN" (business and economics).

As discussed above under chapter four each items/data used is taken from the website
which has a category based on job titles and educational background. The researcher
makes little modification by combining these items which ask for related fields like
computer science, information technology, and information system into one category.
For the classification task, three algorithms are used, such as Support Vector Machine,
Naive Bayes and K-Nearest Neighbor algorithms. The result obtained from the
experimentation is discussed and a comparison of these classification algorithms is
done to select the best classification algorithm among the above classifiers.

5.2. Data Set Preparation

For conducting the experimentation data was extracted from

https://www.jobwebethiopia.com, https://www.ethiojobs.net,

https://www.ethiopianreporterjobs.com. using data miner tool. A total of 8 categories

and 1610 documents were used in the experimentation process. All documents used
for conducting the experiments are labeled in consultation with domain experts in to
eight classes: “M4” (health)  “9PUTENS" (engineering), “?PPPTAO+TC NLIN HCRF”
(computing), “td.MC ALYN" (natural science) “9UN&® LN (social science), “UN”
(law), “2NCE” (agriculture) and “MVHIN A6 APPIZANA" (business and economics). In order
to find how important a word in job vacancy text is in comparison to other words, TF-IDF

term weighting technique was used to vectorize words.
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For conducting the experiments the documents were divided into training and test data
sets using percentage split. So that from the total of documents 80% of them were used
to train the model, and 20% of them were randomly selected for testing. Accordingly,
1288 data set was used for training the classifier and 322 for testing. Many researchers
in text classification used 20% of dataset for testing and achieved best accuracy [2].
The performance of all the algorithms (such as NB, SVM and KNN) employed in the
current study were evaluated using the test data individually by using confusion matrix.
A total of three experiments were conducted with these algorithms. All experiments
have been done in Python programming language (Sklearn) which is popular for NLP
and text processing. The results of each algorithm and finding of the research are
discussed in the next section. The number of job items by categories is shown in table
5.1.

Table 5. 1 Job Items with their Corresponding Numbers

No. Category Name Data used in each category
Count %

1. ANCS/Agriculture 120 7.5%

2. NHIN AF APFIZAN 234 14.6%
/Business and Economics

3. 9°U7&NS/ Engineering 272 17%

4, PPTAOLTY/ Computing 213 13.3%

5. (M5 /Health 307 19.1%

6. td.MC N"L7N/ Natural 184 11.5%
Science

7. U/ Law 109 6.8%

YNGR 4870/ Social 170 10.2%

Science

60



Table 5. 2 Sample Data Set Used for Experimentation

Educational Background Category
NANA PPUTENS DLI° NAA NIFITDI° THIZE (DANF SADEDLS 2,214 Engineering
GATE 8,216 / R0DEMSSE 2,216 NICH Health
PRULACAT ©.1¢ NAMINN OLI° NhHAN MG Health
PODEMDSL 2.4 NDHLMIYT K6 NPORLNLAY F N7ATN ALY G NGAGP Social
APE AVTTIT T NLLEAHIP 7 NRIRG MY Rev& TPPUCT

2,216 NDHMTTE AG NPO-RLNLAY 7 NRYL T NAT-R& hG QLG Social
LODEADLE 2.6 NVE KE APCPT AATRLC T ANTRLC 7 APPILAN 7 NLHIN Business
ANTRLC DLI° THIFE ¢Met (DAR

£.2¢ NICh OLI° NAHAN M5 AL Health
RODEMLE 2.6/ PAE 8. TA07 NAPAS K / DL NAMT SMS 1 (AN :: Health
NICA OLI° NAHAN M5 G-ND $ALIN / &, TA09 RADEDLE 2. Health
gg?nr;rﬁ] gmn NRARTER PUILAS T NYCERC PUILNS DL NTHITE HCETF Computing
fo?qdﬂ :lzr&gq:mo‘;ﬂgzgn / MCE = TGUNGR ALIN T TTUNLAN AT DL AA Agriculture
NTME ALIN (A2, K NIZNTE) MPUC $ALIN NFAC Natural
Nt4MC ALYA ML NTHITS LADEMLE 2.6 Natural
8.N¢ MLI° NNTARE, T NTNLILNTE T SCITNARE, Natural
22;::0;;“?01)2@&3 20¢ + NPANSAC NTAE, BAT MG 8¢ (ARINR NG [\ )
RODEADSE 2,216 N2MNCS * NACNT ALC ATYT T NANNN, ALYN OLI® NTHITE DAh:: | Agriculture
RODEADSE 2,216 NOMNCS F NACNT ALC AGYT  NANAN, ALYN OLI® NTHITE (AR | Agriculture
RALIN STME UNT ANTRLC OLI° THIYE $MEG (DAR PRLACA T 2.6 Agriculture
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5.3. Classification result

In this study three supervised machine learning classifiers, such as support vector
machine, k Nearest Neighbor and Naive Bayes classifiers are used to categorize the

vacancy text.

5.3.1. Experimental set up

Three experiments have been conducted in this study. The data used to conduct the
experiments contains two attributes, text data (vacancy text) and the class label of the
vacancy text, which are “M4” (health) “PUT&N5" (engineering), “SPPPTA+TC ALIN
HCE®” (computing), “tdMC ALIN" (natural science) “9IUNGE 487N (social science),
“U” (law), “1NCs”" (agriculture) and “NVHIA A& APE92AN" (business and economics).

In order to find how important a word in document is in comparison to the corpus,
words are vectorized by using TF-IDF weighting technique. In order to examine the
applicability of machine learning algorithm to categorize the vacancy text, Naive Bayes,
Support Vector Machine and K-Nearest Neighbor compared with the same data set and
categories. For conducting the experiments the documents were divided into training
and test data sets using percentage split. So that from the total of documents 80% of

them were used to train the model, and 20% of them were randomly selected for testing.

5.3.2. Experimental result

Classification Using Support Vector Machine

The first experiment was conducted by using support Vector Machine. The most widely
used library for implementing machine learning algorithms in Python is scikit-learn.
Scikit-learn svm.SVC() is the class used for SVM classification. The parameters used to
implement SVM in this study are C which is the regularization parameter, C, of the error
term, kernel type, degree of polynomial kernel and coefficient (gamma) for kernel is set

first and then the model is created. The accuracy of SVM classifier is shown in table 5.3.
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Figure 5. 1 Accuracy of Support Vector Machine Algorithm

SVM achieved an accuracy of 76.4%. In law category, SVM achieved a precision of 100%
and recall of 97% and the F-measure of the 98%. For business and economics category,
SVM achieved a precision of 90% and recall of 92%. The F-measure of the SVM
classifier for the category business and economics is 91%. In natural science category,
SVM achieved a precision of 100% and recall of 77%. The F-measure of the SVM

classifier for the category natural science is 87%.

On the other hand social science category achieved a precision of 79% likely to be
correct and 88% of recall. The F-measure of the SVM classifier for the class social
science is 83%. For computing category, SVM achieved a precision of 63% and recall of

89%. The F-measure of the SVM classifier for the category computing is 74%.

For engineering category, SVM achieved a precision of 55% and recall of 97%. The F-
measure of the SVM classifier for the category engineering is 70%. The performance of
SVM classifier for health category was 100% precision and 51% recall and F-measure of
67%. As we have observed from the above table the precision and recall for agriculture
category are 88% and 45% respectively. The F-measure of SVM classifier for agriculture

shows 60%.

Classification Using K-Nearest Neighbor
The second experiment was conducted by using K-Nearest Neighbor. Classifier

implementing the k-nearest vote. The parameters include n-neighbor (default=5),
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weights (default=uniform), algorithm to compute the nearest neighbor, leaf_size
(default=30), metric, metric_params and n_jobs (default=1). The accuracy of KNN

classifier is shown in figure 5.4

precision recall fl-score
agriculture 0.88 0.44 .59
business 0.98 D.94 .98
computing 0D.63 3 .74
engineering 0,51 55 &
health 1.00 o1 @
law 1.00 1 : 1.0
natural 0.95 0.53 68
gocial 0.92 0.B2 g7

Figure 5. 2 Accuracy of K-Nearest Neighbor Algorithm

K-Nearest Neighbor achieved an accuracy of 75.5%. In law category, KNN achieved a
precision of 100% and recall of 100% and the F-measure of the 100%. In business and
economics category, KNN achieved a precision of 98% and recall of 94%. The F-
measure of the KNN classifier for the category business and economics is 96%. On the
other hand social science category achieved a precision of 92% likely to be correct. And
a recall of 82%. The F-measure of the KNN classifier for the class social science is 87%.

For computing category, KNN achieved a precision of 63% and recall of 89%. The F-
measure of the KNN classifier for the category computing is 74%. In natural science
category, KNN achieved a precision of 95% and recall of 53%. The F-measure of the
KNN classifier for the category natural science is 68%. The performance of KNN

classifier for health category was 100% precision and 51% recall and F-measure of 67%.

For engineering category, SVM achieved a precision of 51% and recall of 95%. The F-
measure of the KNN classifier for the category engineering is 66%. As we have seen
from the above table the precision and recall for agriculture category are 88% and 44%

respectively. The F-measure of SVM classifier for agriculture shows 59%.
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Classification Using Naive Bayes

The third experiment was conducted by using Naive Bayes. The Multinomial NB
classifier is suitable for text classification where it assumes that features are drawn
from simple multinomial distribution. The default parameters are alpha (default=1.0),
fit_priori (default=True) and class_priori (default=none).The accuracy of NB classifier is

shown in figure 5.5

precisicon recall fl-acore

agriculture 0.57 .83 --T
businass 0.71 J.89 0.79
"E'_;t_- 3 0.&68 B 0.77
-r..“:i:“.!--r".r_; 0,72 25 37
health 0,549 ; 09

law 1.00 9c S|

natural 0.96 D.63 77
social 1.00 0.91 3.95

Figure 5. 3 Accuracy of Naive Bayes Algorithm

Naive Bayes achieved an accuracy of 70.2%. In law category, NB achieved a precision
of 100% and recall of 96% and the F-measure of 98%. In social science category, NB
achieved a precision of 100% and recall of 91%. The F-measure of the classifier for the

category social science is 95%.

In business and economics category, KNN achieved a precision of 71% and recall of
89%. The F-measure of the KNN classifier for the category business and economics is
79%.

For computing category, NB achieved a precision of 68% and recall of 88%. The F-
measure of the NB classifier for the category computing is 77%. Similarly natural
science category achieved a precision of 96% likely to be correct. 4% of them were

incorrectly classified in other categories. The recall in this class is 65%. The F-measure
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of the NB classifier for the class natural science is 83%.

The performance of NB classifier for health category was 54% precision and 97% recall
and F-measure of 69%. As shown on the above table the precision and recall for
agriculture category are 57% and 53% respectively. The F-measure of SVM classifier for
agriculture shows 54%.For engineering category, NB achieved a precision of 72% and
recall of 25%. The F-measure of the NB classifier for the category engineering is 37%.

Table 5. 3Summary of the result obtained for the alternate experiments conducted
using each classification algorithm

Accuracy Average Average Recall | Average F-
Precision measure
SVM 76.4% 84.375% 79.625% 81.75%
KNN 75.5% 86.875% 71.75% 76.375%
NB 70.2% 77.3% 75.5% 76.38%

The performance of these classification algorithms in terms of accuracy, precision,
recall and f-measure are shown below in figure 5.1

Performances of each Algorithm in Bar
chart
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Figure 5. 4 Performances of each Algorithm by using Bar Chart

As it is observed both from table 5.6 and figure 5.1 in terms of accuracy SVM algorithm
outperforms 76.4% than KNN and NB algorithms. When we see in terms of precision
KNN classifier achieved the higher performance of 86.875% average precision followed
by SVM and NB classifiers respectively. Also when compared with average recall each
algorithm performed SVM algorithm achieved the best average recall of 79.625%
followed by NB and KNN algorithms respectively. On the other hand SVM with regard to
F-Measure SVM algorithm achieved the best performance of 81.75% than KNN and NB
algorithms. Hence, based on its performance, the SVM classifier is selected to
construct the classification model of Amharic job vacancy announcement text in this

study.

Table 5. 4 Confusion matrix of the SVM algorithm it icted
Job ANCE | LVHIN ARG | PIPT | PPUIENG | MS | U | TMC [F7UNER | Total
vacancy APRIZAN | QEIN N8N AN
type
ANCY 15 4 0 5 2 0 0 1 27
NHIN ARG 0 46 0 4 0 0 0 0 50
ADPRIZAN
PPPTOEIN | 0 0 33 3 0 0 0 1 37
PUIENG 0 0 2 57 0 0 0 0 59
Mme 0 0 3 22 31 |0 1 4 61
U 0 0 0 0 0 24 |0 1 25
TMCE N&7N | 0 0 3 4 0 0 26 0 33
UNEER 0 0 0 4 2 0 0 24 30
AL7N
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5.4. Discussion of the Result

In the current study, three supervised machine learning algorithms are used to
categorize vacancy text document. Support Vector Machine, K-Nearest Neighbor and
Naive Bayes are the algorithms tested to categorize the text document. As shown
above the experimental result of each algorithm has achieved different performance.
The comparison of all three algorithm results in terms of their accuracy is shown above
in table 5.6

As it is observed from the experimental result, each algorithm registered different
performance to categorize Amharic vacancy text. In terms of accuracy, Support Vector
Machine is the best algorithm that achieved the highest performance of 76.4% as

compared to the algorithms used in the current study.

The “Law” category registered high classification result of 100%, 97%, and 98% F-
Measure in SVM, KNN and NB classifier respectively when compared to category like
agriculture, business and economics, computing, engineering, health, natural science
and social science. As it is shown in table 5.7, given a total of 30 'U? (law) categories in
test data; out of the given law categories 29 of them were classified as law and the rest
one law category labeled as social science. That is because of there are few vacancy
text that share the same or common words compared to other categories used in this
study. For example, consider the sentence $0DE@DSL Q¢ NrmARTEN JPUILNG:
NPPTARTC PULNGT: NPPPTOTC ALY OLIP THIFE (DNPF which means “first degree in
electrical engineering, computer engineering, computer science or related fields”. In
this example the word engineering, computer and science are used repetitively in
different categories like engineering, computing, natural science, social science and
other categories and less with law category. This condition affects the performance of
categories that share these common terms where law is unique from others
comparatively. So that we can say law category share the least common words with the

other else categories. That is the reason why law category achieved better performance.

On the other hand, “agriculture” category has the least performance in each algorithm

where out of 27 given test data 15 of them correctly classified as agriculture, 4 of them
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categorized as business and economics, 5 of them categorized as engineering, 5 of
them categorized as engineering and 1 of them categorized as health. A discussed
above the agriculture category share common words with other categories and these
highly affect the performance of the classification in this category.

The result obtained is promising result to design vacancy text categorization model for
jobs announced in Amharic language. There are different challenges faced in this study.
The first one is there are job positions that allow different fields of study. For example,
RODEMLL & ¢ NME HCEF: N1 ANT8LCE NANLYT MLI° THIFE (DAPF which means
“first degree in health fields, business administration, marketing or related fields”. So,
the presence of these different fields of study in a single document can challenge the
machine and affect the performance of classification. The other challenge is as
discussed above there are categories that share the common terms and found in both
categories. This is another problem that affect the performance of the classifier and

accuracy of categories.
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CHAPTER SIX

CONCLUSION AND RECCOMENDATION
6.1. Conclusion

Nowadays, large amount of vacancy announcement has been uploaded and generated
on the web daily. This increases the amount of text that are available on the web in
electronic form which is difficult to organize and manage manually. In the current
system the concerned body prepare the content of the job, such as ID of the job, title of
the job, publishing date, job descriptions, salary and benefits, educational background,
work experience and related information and categorize based on its ID, title, experience
(and/or based on the rule) that the expert defined and saves it accordingly, so that it can
be retrieved later by its ID, title, date, experience and category when needed. In the last
few years, automatic text classification systems have proven to be just as accurate,
correctly categorizing over 90% of the text classification. Since manual categorization is
based on human judgments; it is accurate. But it is time consuming and inconsistent.

So there has been a switch from manual to automated systems

The focus of this study is therefore to apply machine learning techniques on job
domains. The data used in this study is extracted from web posting websites
(https://jobwebethiopia.com, https://ethiojobs.net,

https://www.ethiopianreporterjobs.com) using a data miner tool and saved as .xIsx file.

Then preprocessing tasks such as data cleaning, normalization, tokenization, stop word
removal and stemming were applied using python programming language to clean and
make ready the data set for machine learning algorithms. In order to find how important
a word in document is in comparison to the corpus, words are vectorized by using TF-
IDF weighting technique. Three machine learning algorithms (i.e. Support Vector
Machine, K-Nearest Neighbor and Naive Bayes) are tested for categorizing vacancy text
into its category or items.

The experimental result shows that Support Vector Machine algorithm outperforms K-

Nearest Neighbor and Naive Bayes with an accuracy of 76.3% and hence the model
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constructed by SVM is selected for Amharic job vacancy categorization task.

The SVM model works well for the “law” category because it is the category that share
the least common terms compared to other categories; where as “agriculture” is the
category that has the least performance. The factors that affect the performance of
classification algorithms include presence of different field of studies in a single
document and there are categories that share common terms and found in both

categories which is highly affect the categorization performance.

6.2. Recommendation

Based on the findings of the study, the following recommendations are forwarded

for conducting further future research.

> There are conflicting tags assigned to the data set as a result of use of similar
words in different categories which needs to analyse texts semantically. It is
therefore recommended to follow Semantic based and ontology for categorizing

job vacancy announcements.

> There are job positions that state common educational background or
requirement for the specific vacancy. For example, $0DE@4E 4.6 NNINF ANt &LCH
NANT&LC: NANLT OLI° tHIYE MDNPF which means “first degree in construction
management, management, marketing or related fields” for “Construction Manager”
position. The presence of these different fields of study in a single document can
challenge the constructed categorization model and affect the performance of
the classification model. Hence, we recommend to combine job titles and job

qualification or educational background as input to minimize the problem.

> In this study, SVM, KNN and NB classification algorithms were employed for
categorizing vacancy text. It is recommended to test other classification

algorithms for categorizing vacancy text.

> There are little works done on stemming Amharic words. In order to overcome
the stemming difficulty during text classification there is a need to conduct
further study to design and develop a full-fledged automatic Amharic stemmer
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algorithm.

> There is also a need to design job vacancy text categorization for other local
languages, such as Afaan Oromo, Tigrigna and other local languages in which

such announcement may appear.
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Appendix
Appendix I: Amharic characters (‘Fidel") (adapted: from [4])
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Appendix IIl: Amharic punctuation marks (Adapted from: [4])

80
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No. Punctuation mark Symbol Purpose

1 The four dots or double colon i Mark end of a sentence

2 Colon Separate words in a sentence: not
commeon

3 White space Separate words in a sentence:
current practice

4 Question mark ? Placed at the end of questions

5 Exclamation mark ! Used at the end of sentences that
show exclamation

0 Comma E Used like comma

7 Semi-colon H Used like semi-column

8 Three dots For deliberate omission of words,
phrases, or sentences

9 Quotation marks «» Used at the beginning and at the
end of quoted word, phrase, etc.

10 Parenthesis ) To enclose elaboration

11 Stroke / Separate date, month, etc.

12 Mocking mark : Placed at the end of mocking
sentence

Appendix lll: Amharic Numbers (adapted from: [4])
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Appendix IV: Sample Python Code

#!/usr/bin/env python

# coding: utf-8

import pandas as pd

from sklearn import model_selection, naive_bayes, svm

from sklearn.metrics import accuracy_score

from matplotlib import pyplot as plt

from sklearn.metrics import classification_report

from sklearn.feature_extraction.text import TfidfVectorizer

from sklearn.neighbors import KNeighborsClassifier

df=pd.read_excel("file_location ")

#df=pd.read_csv("file_location")

df.head()

for index,entry in enumerate(df[ requirement’]):
df.locfindex,"] = str(df)

import matplotlib.pyplot as plt

get_ipython().run_line_magic('matplotlib’, inline")

#plt.scatter(df[ category’], df[requirement])

x=df['requirement’]

y=df['category’]

#print (x)

from sklearn.model_selection import train_test_split

X_train,X_test, Y_train, Y_test=train_test_split(x, y, test_size=0.2, random_state=>5)

Tfidf_vect = TfidfVectorizer(max_features=5000)

Tfidf_vect.fit(df["])
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Train_X_Tfidf = Tfidf_vect.transform(X_train)

Test_X_Tfidf = Tfidf_vect.transform(X_test)

# fit the training dataset on the classifier

KNN= KNeighborsClassifier()

KNN.fit(Train_X_Tfidf,Y_train)

predictions_KNN = KNN.predict(Test_X_Tfidf)

print("KNN Accuracy Score -> ",accuracy_score(predictions_KNN, Y_test)*100)

print(classification_report(Y_test, predictions_KNN))
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