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Abstract

When users need for a certain fact and try requesting search engines for it, they get back a bunch
of addresses and snippets which are ,,related” to their need and it is up to the users to decide
which address to choose expecting that the requested fact could be found there. Opening the
address could present the user with lots of pages of information and it is the user®s duty to go
through the information and extract the actual fact. But given a collection of documents, a
Question Answering system attempts to retrieve correct answers to questions posed in natural
language. Hence question answering relieves users from the task of digging the information from
related pages.

There are different types of questions like definition, list, acronyms, true/false, and factoid types.
Most of the question answering systems have three major components, question analysis,
document (passage) retrieval, and answer extraction.

For languages like English, many question answering systems are available which are designed
in different approaches. But in the case of Amharic, Seid Muhie*s [4] TETEYEQ is a pioneer
work designed to answer Amharic factoid questions. It aims to answer four kinds of Ambharic
factoid questions namely the ,,Peson®, ,,Place™, ,,Time"™, and ,,Quantity” question types. It was
designed by employing a rule based approach in question analysis component by manually
writing rules to classify questions into one of these four question types resulting in an accuracy
of classifying 86.9% of the questions correctly. It was also using manually collected Ambharic
documents as a search space and the reported overall system performance was 72%.

We have designed a similar system for answering the four kinds of Ambharic factoid questions
using a machine learning approach than the rule based one by employing the known machine
learning based classification algorithm, support vector machine (SVM). By doing so, we attained
an accuracy of 94.2% in question classification which outperforms the rule based question
classification in TETEYEQ.

We have integrated a web crawler by customizing the open source JSpider crawler to
automatically gather Amharic documents from the web in preparing the search space. The
downloaded Ambharic documents are then indexed by the open source tool, Lucene indexer, to
facilitate the document retrieval process. Hence, our system has two major parts, the search
engine part (crawler and indexer) and the question answering part. Besides, our system is
designed to be a web based system for interacting with the end users on the web.

By employing the machine learning algorithm in question classification and adopting answer
extraction techniques used in TETEYEQ, we have achieved 77% overall system performance
which is better than that of TETEYEQ*s.
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In the absence of basic natural language processing (NLP) tools like part of speech (POS) tagger
and named entity recognizer (NER) for the Amharic language, both TETEYEQ and our system
have achieved a considerable performance which would be boosted up by the addition of such
NLP tools in the future.

Key Words: Amharic Factoid Question Answering, SVM based question classification, Answer
Extraction, Web based Amharic Question Answering.
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Chapter One - Web Based Amharic Question Answering System

1.1 Introduction

Natural Language Processing (NLP) is a branch of Artificial Intelligence (Al) and computational
Linguistics, with an emphasis on the role of knowledge representations, which is for
representations of our knowledge of the world in order to understand human language with
computers. NLP is the use of computers to process written and spoken language for some
practical, useful purpose such as: to translate languages, to carry on conversations with
machines, so as to get advice about and so on. The goal of NLP is to design and build software
that will analyze, understand, and generate languages that humans use naturally, so that
eventually we will be able to address our computer as though we were addressing another
person.

Some of the major tasks in NLP include: Optical Character Recognition (OCR), Speech
Recognition, Part-of-Speech Tagging and Question Answering.

Question Answering (QA) is the task of automatically answering a question posed in natural
language. QA research attempts to deal with a wide range of question types including: fact, list,
definition, How, Why, hypothetical, semantically constrained, and cross-lingual questions.
Search collections vary from small local document collections, to internal organization
documents, to compiled newswire reports, to the World Wide Web [2].

The traditional search engines have a shortcoming for the concise and complete retrieval of
information. Commonly, search engines return the relevant, even most of the times irrelevant
links or document lists to the search keywords which are excessive that users need more efforts
to acquire the needed information, may be after reading a number of pages for a longer time.
Users prefer to have a tool for asking natural language like questions and expect precise answers
for their questions rather than having list of web addresses which contain information related to
the question. This cannot be done in traditional search engines. Therefore, the need for a
Question-Answering tool is vital.

A common strategy in the design of Question Answering is to divide the entire task into a
pipeline of quasi-independent tasks, such as question analysis, document retrieval, and answer
extraction.

An effort has been made to design a Question Answering tool in many languages. The popular
web based Question Answering System for English Language is available online [3]. A similar
effort has been made to design an Amharic Question Answering System for factoid questions by
Seid Muhie [4]. This work was done using a rule based approach to analyze natural language
questions.
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Prior implementations of language processing tasks typically involved the direct hand coding of
large sets of rules. Modern approaches to NLP are grounded in Machine Learning (ML). This
approach uses learning algorithms often grounded in statistical inference to automatically learn
such rules through the analysis of large corpora of typical real world examples as a training set.

Systems based on machine-learning algorithms have many advantages over hand-produced rules

[1]:

e The learning procedures used during machine learning automatically focus on the most
common case, whereas when writing rules by hand it is often not obvious at all where the
effort should be directed.

e Automatic learning procedures can make use of statistical inference algorithms to
produce models that are robust to unfamiliar input and to erroneous input whereas it
would be extremely difficult and error-prone to do so in the rule-based approach.

e Systems based on automatically learning the rules can be made more accurate simply by
supplying more input data. However, the rule based can only be made more accurate by
increasing the complexity of the rules, which is a much more difficult task.

1.2 Statement of the Problem

In a web based question answering system, questions are given in a search engine like interface
in natural language form and the question type and the expected answer type should be identified
by the question analyzer component. Then, the web documents having a potential answer to the
question will be retrieved by the document retrieval component. This component is working like
search engines to return the web addresses which have the potential to contain an answer to the
given question. Finally, the answer extractor component will perform the extraction of
appropriate answers from the candidates returned by the document retrieval component.

A similar research has been conducted by Seid Muhie [4]. The researcher used hand crafted rules
to identify question and answer types. As it was the first effort made to design an Amharic
question answering tool, this work was mainly designed to take pre formatted Ambharic
documents as a source.

Questions of type where, who, when, which, yes/no, true/false, name-of, etc. are kinds of
factoid questions. As an example, “what is a Virus?” is a definition question whereas “Is
Amharic the national language of Ethiopia?” is a true/false question [6]. Factoid questions
need very brief and short lined answers. Users expect very brief answers for factoid questions.
For the question “What is the name of the capital city of Ethiopia?”, the user is seeking for a fact
(the name of a city) therefore, the system“s response to the user is expected to be “Addis Ababa”
than supplying a list of available web sites with a content related to the question (like the way
search engines do).
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In this research, we will investigate a machine learning approach to Amharic question answering.
The advantage of a machine learning approach is that it is more adaptable, robust, flexible, and
maintainable. There is no need for a human to manually engineer a set of handcrafted rules and
continuously improve or maintain the set of rules. Rather, the computer will be trained with a
large amount of training set and learn how to identify question types and expected answer types.

Beyond the above advantages, the question answering system designed with a machine learning
approach has showed a competitive accuracy with the one designed with rule based technique for
English language as in the case of [5]. It is also suggested in the future work section of [4] that
despite the requirement of large training set, the machine learning approach is believed to show
better performance in Amharic Question Answering.

The first Amharic Question Answering system designed by Seid Muhie [4] was experimented on
manually collected and pre-formatted documents from the web. Hence, the system was a desktop
application designed to take offline documents rather than directly applying question answering
on the web itself.

Due to the richness of the web and the increase in availability of Amharic documents on the web,
it would be more feasible to design a web based question answering tool for Amharic factoid
questions than to design an offline based desktop application. This research is targeted towards
designing a web based question answering tool for Amharic factoid questions to help people find
out exact answers for their factoid questions by being on the web.

The first question answering tool for Amharic factoid questions [4] was a great effort made
towards serving users with their needs for a fact written in Amharic documents (offline). There is
also an Amharic search engine developed by Tessema Mindaye [7] and also there are freely
available open source web crawlers, like JSpider to download web documents from a specified
address, which can be used to build up our repository that we will use for document retrieval. By
improving the performance of the question answering tool (with the employment of a machine
learning approach to its design) and the modification or reconstruction of an Amharic search
engine to suit our need, it will be a great contribution to users seeking for a fact from Ambharic
online documents.

1.3 Objectives

The general objective of this research work will be to develop a web based Amharic Question
Answering System for factoid questions using a machine learning approach.

The specific objectives of this research work will be:

a. To analyze question and answer patterns.

Web Based Amharic Question Answering for Factoid Questions Using Machine Learning Approach 3 | Pa ge



b. To study machine learning algorithms suitable for the system.

c. To Train the machine with Amharic factoid question so that the machine would
learn to analyze questions.

d. To develop an algorithm for web based Amharic Factoid Question Answering
system.

e. To develop a suitable architecture of web based Amharic factoid question
answering.

f. To develop a prototype for the new system.

g. Investigate the efficiency of our system against the existing question answering
system in [4].

1.4 Scope and Limitation

Naturally, Question answering is a very complex and rigorous task which needs understanding of
natural language techniques. A full-fledged QA system will require a number of Natural
language processing tools such as Sentences parser, chunker, Part of Speech (POS) tagger,
Stemmer, Named Entity Recognizer (NER) and so on [4]. Even though some of the NLP tools
have been developed by some researchers, they are not publicly available for integrating with our
new system. Having these limitations in mind, our scope will be:

a. Question pattern analyzing for factoid questions by following a machine learning
approach (preparing a large training set of Amharic questions for this task).

b. Amharic Documents downlading using a suitable search engine.
c. Answer pattern analyzing.

d. Answering only ““?7”,¢-1””07-1” and “@v’E” type of Amharic questions.

Most of the Amharic NLP tools are done as part of academic demand by MSc students and are
not publicly available. A full-fledged QA system needs to have Named Entity Recognizer, Part
of speech tagger, stemmer and so on. In addition, the web based question answering tool will
require a search engine. An Ambharic search engine is designed by different researchers earlier. If
the search engines and the above mentioned language tools are not easily and openly available
for the research purpose, we will use open source crawlers.
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1.5 Methodology

The major task in this research is collecting/preparing huge amount of training set in the form of
factoid questions to train the machine in the question analysis phase. For this purpose,
appropriate machine learning algorithms and tools would be employed.

We will conduct literature review on QA systems done using machine learning approach in other
languages like English. In addition, open source Machine learning based natural language
toolkits will be considered for the system. The first web based English question answering
system, START [3], can be a good reference in developing our System. In preparing the training
data set, as it requires manual collection of Ambharic factoid questions, we will look for the
support of other people.

In comparing the performance of the new system, we will use the already developed question
answering system for Amharic [4] as the only candidate reference. Therefore, the performance of
our system will be measured against the performance of this rule based system developed earlier.

The web based Amharic question answering system using machine learning approach will have
so many components and developmental stages. At one hand there will be different tasks related
to linguistics and on the other hand it will have different computational tasks. The linguistic
related task comprises of studying Amharic grammatical structure, tokenizing, Named Entity
recognizing, Question Pattern Analysis, Answer Pattern Analysis, Answer Ranking, Answer
Extraction and so on. Computational related task includes selecting suitable programming
language, developing algorithms for the different linguistic tasks, methodology and techniques
employed in searching Amharic texts, selecting better machine learning algorithms for training
the question analyzer and so on. The system will have three major steps: (i) question analysis, (ii)
document retrieval with a search engine component, and (iii) answer extraction. The question
analysis tool will be designed using a machine learning approach.

The system®s performance will be measured and compared against the performance of the
Amharic question answering system designed using rule based approach which was designed by
Seid Mubhie [4]. The machine learning approach usually needs large amount of training set than
the rule based approach. Due to this, a big effort will be exerted in manually preparing the
training and test sets for the system.

1.6 Application of Results

Question answering systems are the futures of search engines. The web based Amharic question
answering system will be used to serve end users in finding short answers for Amharic factoid
questions from documents found on the web. The system can also be customized to serve as a
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help desk for users seeking to get service from a certain company by simply narrowing down the
search space into the company*s web site designed for help purposes.

1.7 Organization of the Thesis

The rest of the thesis is organized as follows. Chapter 2 presents literature review in which
different concepts related to the thesis are presented. Chapter 3 is about works somehow related
to our work which are done by other researchers in Amharic and other languages. Chapter 4
deals with the design of our system, from the general architecture of our system to discussions of
basic components and their interaction in the system. Chapter 5 is about the detail design
(implementation) of the system. It discusses the algorithms we used in achieving the goal of
every component in the system supported with real examples. Chapter 6 deals with the
experiments done in every component and the results achieved together with explanations of
how such results happen. Chapter 7 winds up our work by presenting a conclusion and future
works recommendation for the improvement of the system.
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Chapter Two - Literature Review

2.1 Information Retrieval (IR) and Question Answering (QA)

Information Retrieval is the area of study concerned with searching for documents, for
information within documents, and for metadata about documents, as well as that of searching
structured storage, relational databases, and the World Wide Web. The most common
applications of Information Retrieval are web search engines [28].

Search engines like Google provide an interface for users to type their query and reply to their
information needs by taking into consideration every term (word) supplied by the user. The main
task of such search engines is to provide ranked web addresses, together with a statement
(statements) from the pages that match with the user query terms. Here, the user needs to choose
relevant addresses and visit them for getting the actual information required. Such IR systems are
not suitable for users seeking short and precise answers without being confronted to a collection
of web addresses which might contain the expected answers to their questions.

Question Answering Systems are designed to take users™ questions expressed in their natural
language and reply with expected answers. Here the user is free to ask questions as if he/she is
communicating with a human being. Natural language Questions like “What is the capital city of
Ethiopia?” would be answered by Question Answering Systems concisely than that of the IR
systems.

In information retrieval, queries tend to be more general and lengthy while in QA, the queries
should be specific and shorter in number of query words. Responses from IR systems are
collection of web addresses that are expected to satisfy users need whereas, in QA systems, the
response is precise information which is believed to be the answer for the user*s question.

Despite these differences, most QA systems are backed by IR systems. Question Answering
systems contain Information Retrieval systems during the process of retrieving relevant
documents which are believed to contain information related to the users need.

There are different Question Answering Systems which are designed to answer factoid questions,
reading comprehension questions, list, why, and how questions. Recent successes have been
reported in a series of question-answering evaluations that started in 1999 as part of the Text
Retrieval Conference (TREC) [28].

Question answering has many applications. We can subdivide these applications based on the
source of the answers. The sources can be structured data (databases), semi-structured data (for
example, comment fields in databases) or free text. We can further distinguish among search
over a fixed set of collections, as used in TREC (particularly useful for evaluation); search over
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the Web, search over a collection or book, e.g., an encyclopedia or search over a single text, as
done for reading comprehension evaluations. We can also distinguish between domain-
independent question answering systems (systems designed to answer general questions in all
domains) and domain specific systems (systems designed to answer questions generated only
within a certain domain like medicine, chemistry, and so on).

A Question Answering System has been designed for languages like English, Arabic, Chinese
and the likes. A system designed to answer questions raised in one language cannot help in
answering questions from other languages since a question answering system needs a language
dependent processing.

2.2 Search Engines

Search Engines, including the Amharic Search Engine [7], have three major components; The
Crawler, Indexer, and Query Engine components.

The Web Crawler is a component used to interact with the World Wide Web for crawling
(downloading) web pages into a local repository (Pages Directory) and the Indexer is a
component used to index downloaded web pages and store the index into an index directory so as
to make them ready for use by the index searcher. The query engine gives the user an interface to
enter queries and returns the final results composed of the relevant documents related to the

given query.

2.2.1 Crawler

Web crawlers are programs that exploit the graph structure of the Web to move from page to
page [20].

Web crawling is the core component of search engines to prepare the source from which the
engine searches for related pages to users™ queries. Search engines frequently use web crawlers
to collect information about what is available on public web pages. Their primary purpose is to
collect data so that when Internet surfers enter a search term on their site, they can quickly
provide the surfer with relevant web sites. Linguists may use a web crawler to perform a textual
analysis; that is, they may explore the Internet to determine what words are commonly used
today. Market researchers may use a web crawler to determine and assess trends in a given
market.

Web based Question answering systems, like ours, also highly rely on the functionality of web
crawlers.
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A Web crawler is one type of software agent that is used to visit web pages on behalf of people.
It does in the same way as we browse the web just by starting from a certain initial page and
following links in that page to go to other related pages.

In general, it starts with a list of URLs to visit, called the seeds. As the crawler visits these
URLs, it identifies all the hyperlinks in the page and adds them to the list of URLSs to visit, called
the crawl frontier. URLs from the frontier are recursively visited according to a set of policies
[34].

While navigating from one page to the other, we can perform additional tasks. For language
dependent crawling, we can incorporate a method to identify whether the contents in the just
visited site are of a certain language or not and decide to download it or discard it. This task is
handled by a separate program other than the web crawlers, called language (script) identifiers.

The method of language (script) identification, while crawling, adds an overhead to the crawling
task and potentially degrades the speed of crawling. Another alternative is to supply seed URLs
to the crawler and let the crawler download whatever pages it visits following these seeds and do
the identification later on or at the same time to be done on the repository where the pages are
downloaded and stored.

Downloaded and filtered documents should be managed in a certain way to facilitate future
searching. This is the duty of indexers. The downloaded pages will be used by the indexer
component so that each term in the web pages gets indexed and stored in an index file for
facilitating the upcoming document retrieval activity.

For enriching our web based Amharic question answering system, the crawling process should
always be running in the background and keep on downloading new web pages. Whereas, the
language (script) identification of downloaded pages and indexing can be performed periodically
to filter pages with the Amharic contents and add the filtered pages into the existing index file so
that the new pages can be considered as a source in the coming document retrievals.

2.2.2 Indexer

The Indexer component is the component that creates the representation of the document
collection that was collected by the crawler. For a language dependent search engine, crawled
pages will pass through the language™s analyzer before indexing. The analyzer includes
components for tokenizing, stop words removing, stemming, and other language dependent
tasks. By the indexer, words in every crawled page are stored in an index file in a format suitable
for searching by the query engine component when the user poses a query to the search engine.
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2.2.3 Query Engine

The query engine provides the interface between the search index, the user, and the web. The
query engine retrieves from the search index information about potentially relevant web pages
that match the keywords in the user query, and in the second step a ranking of the results is
produced, from the most relevant to the least relevant one.

Once the result is produced, the query engine sends the results list to the search interface, which
displays the results on the user's screen. The user interface provides the look and feel of the
search engine, allowing the user to submit queries, browse the results, and click on chosen web
pages for further browsing.

2.3 Lucene

Lucene is an open source, Jakarta project used to build and search indexes. Lucene can index any
text-based information we like and then find it later based on various search criteria. Although
Lucene only works with text, there are other add-ons to Lucene that allow us to index Word
documents, PDF files, XML, or HTML pages. It provides a basic framework that we can use to
build full-featured search into our application. Lucene is specifically an Application
Programming Interface (API), not an application. This means that all the hard parts have been
done, but the easy programming has been left to us to develop towards our application needs.
The following explanation is partly adopted from the Lucene tutorial in [33].

Let's take a look at the key classes that are useful to build a search engine.

o Document - The Document class represents a document in Lucene. We index Document
objects and get Document objects back when we do a search.

e Field - The Field class represents a section of a Document. The Field object will contain
a name for the section and the actual data. For example, (,,URL", ,www.aau.edu.et™) is
one Field object for a Document representing the Addis Ababa University web page.

e Analyzer - The Analyzer class is an abstract class that is used to provide an interface that
will take a Document and turn it into tokens that can be indexed. There are several useful
implementations of this class but the most commonly used is the StandardAnalyzer class.

e IndexWriter - The IndexWriter class is used to create and maintain indexes. We pump
data into the Index, and then do searches on the Index to get results out. To build the
Index, we use an IndexWriter object. Document objects are stored in the Index, but they
have to be put into the Index at some point. We have to select what data to enter in, and
convert them into Documents. We read in each data file (from the downloaded and
filtered pages), instantiate a Document for it, break down the data into chunks (like url,
title, and content of the page) and store the chunks in the Document as Field objects (a
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name/value pair). When we are done building a Document, we write it to the Index using
the IndexWriter.

e IndexSearcher - The IndexSearcher class is used to search through an index which was
created by the IndexWriter .

e QueryParser - The QueryParser class is used to build a parser that can search through an
index. Queries can be quite complicated, so Lucene includes a tool to help generate
Query objects, called a QueryParser. The QueryParser takes a query string, much like
what we would put into an Internet search engine, and generates a Query object.

e Query - The Query class is an abstract class that contains the search criteria created by
the QueryParser. The search itself is a Query object, which we pass into
IndexSearcher.search(). IndexSearcher.search() returns a Hits object, which contains a
Vector of Document objects.

e Hits - The Hits class contains the Document objects that are returned by running the
Query object against the index.

Generally, Lucene handles the indexing, searching and retrieving, but it doesn't handle:

-~ managing the process (instantiating the objects and hooking them together, both for
indexing and for searching)

— selecting the data files
— parsing the data files
— getting the search string from the user

— displaying the search results to the user

2.4 General Architecture of Question Answering Systems

Functionally, most question answering systems today can be decomposed into four major
components as question analysis, document retrieval, passage retrieval, and answer
extraction [8]. The question analysis component classifies user questions by the expected
semantic type of the answer, e.g., the expected answer type of “When did Emperor Tewodros
came to power?" is time. In addition, it is responsible for formulating one or more queries
targeted at a particular document retriever; these queries are used to find a set of potentially
relevant documents from the corpus. From these documents, the passage retrieval component
selects a handful of paragraph-sized fragments. In some systems, however, document and
passage retrieval are performed simultaneously. Finally, the answer extraction component
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searches the passages for the answer to the question, for example, by finding named-entities that
match the expected answer type.

Figure 2.1 shows a pipelined architecture of a question answering system taken from [12]. The
Figure outlines the major components in a Question Answering system. The functionalities of
these components will be discussed next.
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Figure 2.1: General architecture of question answering systems

Let*s have a look at the basic question answering components in their order of use.
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2.4.1 Question Analysis

This is the first component in which the system starts to analyze the natural language question
posed by the user right from the input window in a web browser. The natural language question
input by the user needs to be analyzed into whatever form or forms are needed by subsequent
parts of the system. Question Analysis is the most important component of question answering
systems. The following three key tasks are performed in the question analysis stage:

e Automatic Question Classification
e [Illustration of the expected answer type from the type of question identified.

e Construction of proper query for the IR component of the QA system (i.e., for the
document retrieval).

Failing to analyze the question will make the entire system to fail to answer the question
correctly as the document retrieval will end up in retrieving wrong documents and the wrong
identification of the question type will result in a wrong illustration of expected answer type.

In the coming topics, we will discuss the above sub tasks done in the question analysis
component of the question answering system, question classification, expected answer types, and
query construction.

2.4.1.1 Question Classification

Questions can be broadly classified as Questions of type Place, Person (Entity), Term Definition,
Quantity, Listing, Explanation, True/False, Time, Choice, and so on. Person, Time, Place, and
Quantity question types are the focus of this study. Based on the question type, an expected
answer type will be identified. Therefore, the question analysis component of a QA system will
play a great role in determining question types and identifying answer types.

Question Classification is concerned with assigning semantic classes to questions. This semantic
classification can be used to reduce the search space of possible answers, i.e., if we can
determine that the question “Who is the Ethiopian Prime Minister?” belongs to the semantic
category Person, then we only need to look for instances of type Person as possible answers.

In [4], the question classification was done by writing hand crafted rules (regular expressions) so
as to classify the given question in to one of the above question types.
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Question Classification Approaches

According to [9], the approaches to question classification can be classified into the following
three main groups: rule-based, machine learning based, and language modeling based.

In the rule based approach, hand-written grammar rules and a set of regular expressions are
employed to parse a question and to determine the answer type. With this approach the
researches have faced the following limitations:

e Hand-writing classification rule is a difficult and time-consuming process.

e Hand-written rules have limited coverage and are fairly complicated to broaden the scope
of answer categories to include more detailed ones.

e In order to adopt a new taxonomy, many previously prepared rules have to be modified or
completely rewritten.

Considering these limitations, the majority of systems that use hand-written rules are bound to
use a limited number of question type categories. Consequently, question category information is
limited to its use, which as previously described, influences the performance of the whole QA
system.

In the machine learning approach, expert knowledge is replaced by a sufficiently large set of
labeled questions. Using this collection, a classifier is trained in a supervised manner. Possible
choices of classifiers include but are not limited to: Neural Network, Naive Bayes, Decision Tree
and Support Vector Machines. The machine learning approach addresses many limitations of the
rule-based method, which were presented above. The advantages include:

e Short creation time.
e C(lassifier is created automatically; no classification rules need to be provided by hand.
e Broader coverage; can be obtained by providing new training examples.

e Ifrequired, the classifier can be flexibly reconstructed (retrained) to fit to a new
taxonomy.

At present, the results achieved using the machine learning approach represent a state of the art
in question classification [9].

In the case of language model based question classification, one language model for every class
of questions is prepared based on the training data set. To classify a question, the probability of
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generating it is calculated for each class based on its language model, and the highest probability
determines the classification.

In the question classification task, a language model is prepared for each category C of sample
questions. When a new question Q comes, the probability P(Q|C) for each C is calculated and
the one with the highest probability is picked as the class for the new question Q.

The language model based question classification takes advantage of flexibility over the rule
based question classification as in the rule based, it needs to modify hard coded rules to handle
new cases while the language model can be automatically maintained [29].

Support Vector Machines (SVM) Classifier

Support Vector Machines (SVM) were developed by Vapnik [21] in 1995 based on the Structural
Risk Minimization principle from statistical learning theory.

SVM is a supervised learning algorithm typically used for classification problems like
prediction, text categorization, handwritten character recognition, image classification, facial
expression classification, and so on. This means, if we have some sets of things classified but we
know nothing about how we classified it, or we don't know the rules used for classification and
when a new data comes, SVM can predict which set the data should belong to. The function
which will be used to separate the two classes is induced from available training examples [22].

SVM is basically a binary classifier. It takes a set of input data and predicts, for each given input,
which of two possible classes forms the output, making it a non-probabilistic binary linear
classifier. Given a set of training examples, each marked as belonging to one of two categories,
an SVM training algorithm builds a model that assigns new examples into one category or the
other. An SVM model is a representation of the examples as points in space, mapped so that the
examples of the separate categories are divided by a clear gap that is as wide as possible. New
examples are then mapped into that same space and predicted to belong to a category based on
which side of the gap they fall on.

There are other supervised learning algorithms like Naive Bayes, Neural Networks, and Decision
Trees. But for text classification purposes, SVM is proved to give better performance [11, 24,
37].

2.4.1.2 Expected Answer Types

The expected answer types are similar to the question types but these are the types expected from
the candidate answers for the given question. The type for the candidate answers is formulated
before the candidate answers themselves are generated by the system. Once the type for the
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expected answers is determined, it will help in filtering the candidate answers in the Answer
Extraction component. But with the absence of the expected answer type, the system may end up
generating wrong answers.

2.4.1.3 Query Construction

Other task of the Question Analysis component in question answering system is formulating
appropriate query from the user's natural language questions so that it would be sent to the
document retrieval component of the system. Query formulation can be done by stemming, by
expanding the query based on the expected answer type or based on expansion of words in the
question.

The stemming approach is a process in which query words are broken down into their simplest
form with all prefixes, infixes and suffixes stripped to find the stem of each word and perform
the document retrieval by the stem word.

There are arguments on the importance of applying a stemmer in Question Answering Systems
regarding its role in increasing the performance of such systems [12]. There was an attempt to
design an Amharic stemmer in [13] which was evaluated on Amharic text from two domains,
news articles and a classic fiction text. It was shown to have an accuracy of 60% for the old
fashioned fiction text and 75% for the news articles. But it is not publicly available. Tessema
Mindaye [7] has adopted an Amharic stemming algorithm done in [30]. For every stemming
need in our work, we have used this implementation.

Query expansion based on the expected answer type is to create a semantically based index of
documents based on the expected answer type. This means, a given documents paragraph, or
even sentence will be analyzed semantically so that it will be labeled as location name, person
name, numerical, etc. as its expected answer type. This technique, while efficient, is difficult to
produce since determining the semantic group of a document such as Person Name, Location,
Measurement, and so on is tedious as it needs extraordinary analysis.

The other approach, query formulation based upon question words, is to expand the query based
on words in the question. It includes expanding queries based on word synonyms. In this
approach an English language QA query expansion could be possible to use WordNet for a word
possible synonym expansion as is used in [14]. since there is no Amharic WordNet available, we
will not use this method of query construction.

It might be reasonable to employ more than one of the above methods in query formulation to
increase the performance of the system. But speed is a major consideration when designing a
question answering system, and research indicates that users will only wait a maximum of ten
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seconds for a page to load [8]. Therefore, in our system, we will be employing the query
formulation based on stemming for query construction.

2.4.2 Document Retrieval

Document retrieval is the task of identifying potential documents or passages which have a
potential to contain an answer for the given question. The query input to this component is given
from the question analysis component. A question answering system heavily depends on the
effectiveness of a document retrieval system as a means of providing documents which are likely
to contain an answer to a user”s question. The document retrieval component presents ranked
documents so that the answer extraction component will act up on it in a later stage. The
addresses of the retrieved documents which are believed to contain the answer will be passed to
the next component, the passage retrieval component, which is responsible to retrieve the
passages which are believed to contain the answer.

For retrieving candidate documents related to the posed question, in the first place, we need to
have a repository of documents from which we perform the retrieval and in the second place, we
need to have a certain searching mechanism for performing the fetching and ranking of related
documents.

2.4.3 Passage Retrieval

This component is initiated immediately after the document retrieval is over. The passage
retrieval selects relevant passages of text from the candidate documents retrieved and indexes
them according to relevancy.

Passage retrieval, which aims to find the text excerpts that may contain the exact answer of the
given question, has long been studied in IR and recently has been an important component in QA
systems. The passage retrieval module is usually added as an intermediate stage between the
document retrieval module and answer extraction module. It can facilitate quick answer
extraction and improve the efficiency of answer finding by users [15].

Furthermore, passages themselves form a very natural unit of response for question answering
systems. A research showed that users prefer passages over exact phrase answers in a real-world
setting because paragraph-sized chunks provide context which may help users to pick the
appropriate answer in cases when the question itself seems to be ambiguous [16].

Researchers have undertaken a quantitative evaluation of different passage retrieval algorithms
used in some of the best question answering systems selected by TREC [16]. According to this
research, the performance differences between various passage retrieval algorithms vary with the
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choice of document retrieval, which suggests significant interactions between document retrieval
and passage retrieval.

2.4.4 Answer Extraction

The Answer Extraction (AE) component identifies candidate answers from the relevant passage
set and extracts the answer(s) most likely to respond to the user question [17]. Given the top N
relevant passages from the passage retrieval component, the answer extraction component
performs detailed analysis and pin-points the answer to the question. Usually, the answer
extraction component produces a list of answer candidates and ranks them according to some
scoring functions [18].

Named Entity Recognizer (NER) is a technique that is used to label different entities such as
Person Name, Place, Number, dates and times, and so on in a document. NER has been used for
information extraction. Current text-based question answering systems usually contain a NER as
a core component. The rationale of incorporating a NER in a QA system is that many fact-based
answers to questions are entities that can be detected by a NER that will considerably reduce the
task of finding an answer. NER basically can be used in the final stage of answer extraction
module to filter out sentences that might not contain the expected answer types. Suppose the
question type is place and an excerpt contains no expected answer type (i.e., Place), then NER
will remove that sentence considering it as irrelevant and will not be considered for answer
extraction [19].

A QA system typically uses both taxonomy of expected answers and taxonomy of named entities
produced by its NER to identify which named entities are relevant to the question. Hence, the
answer extraction component will check if there is a match between these taxonomies to
determine the correct answer [19].
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Chapter Three - Related Work

3.1 TETEYEQ (Ambharic Question Answering for Factoid Questions)

The first question answering tool for Amharic factoid questions, TETEYEQ [4], was a great
effort made towards serving users with their needs for a fact written in Ambharic offline
documents. Figure 3.1 shows a snapshot of TETEYEQ"s interface replying to the users question
“Ch&e mPAL TLLOEC “77 £0AN ? 7. In this research, a large number of Amharic corpuses
(approximately 15600 news articles) were collected from the Web and Ethiopian newspapers.
The corpuses need to pass through a document pre-processing phase to make them have a pre
determined format. This pre-processing could be done for documents already collected and
expected to be used for answering all the natural language questions to be raised by users. This
could be suitable in designing domain specific question answering systems having a
predetermined knowledgebase.

But this doesn“t make sense when thinking about the entire web as a knowledgebase for the
question answering system. Therefore, in our research, as we are aiming to use the web as our
knowledgebase, we don“t need to undertake a pre-processing task.

The preprocessed documents were then indexed using the Lucene indexer after being analyzed
by the Amharic analyzer (for tokenizing, removing stop words, character normalization, and
stemming purposes).

Amharic Question Answering - TETEYEK

%

[ [PRICET T7Ft ATAAA oo0lT PAmAD- €
HCh MPAL TLEC GOT F6T hCADT O[]
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@¥AS TLNHC ohd BET L1P +Ch? hNF 0
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Figure 3.1: TETEYEQ - Amharic Question Answering System

User generated questions are received by the system and a rule based question type identification
carried out to determine what type of question the user is asking and what type of answer is
being expected from that question. But both the question type and expected answer types
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identification was done using the help of manually crafted regular expressions (rules) which are
not easy to develop and are most of the time rigid to entertain other types of questions if a need
arises, in the future, for the system to deal with other question types other than the four factoid
types (,,person®, ,fime", ,place™, and ,,quantity*).

Our system i1s employing an automatic question identification approach by using a statistical text
(question) classification algorithm known as Support Vector Machine (SVM). With this
approach, we have used a collection of manually prepared questions, categorized into the four
question types to train the system so that in future, it will be able to identify user posed questions
into one of these four question types. This approach doesn“t require writing hand crafted rules
and is also easy to scale up when a need to deal with other question types arises in the future.
Despite its difficulty in preparing training data sets for this purpose, it was quite easy and is a
state of the art approach in many text classification researches resulting in a good classification
performance [11].

Based on the question type identified, a proper query is then generated to be used for the
document retrieval component. The same Amharic analyzer employed in preparing document
index is used here too for getting a better result out of the document retrieval.

Techniques similar to this system are used in our system with a little modification for query
generation and document retrieval. Hence, the basic difference is in question type classification
and answer extraction techniques that we believe to bring a better performance and add
flexibility to our system in handling other types of questions in the future; when compared to the
previous one.

3.2 START Natural Language Question Answering System

The first web based English question answering system, START [3], has been developed by
Boris Katz and his associates of the InfoLab Group at the MIT Computer Science and Artificial
Intelligence Laboratory. It is a web based question answering system restricted on few domains
like places (e.g., cities, countries, lakes, coordinates, weather, maps, demographics, political and
economic systems), movies (e.g., titles, actors, directors), people (e.g., birth dates, biographies),
and dictionary definitions.

START answers natural language questions by presenting components of text and multimedia
information drawn from a set of information resources that are hosted locally or accessed
remotely through the Internet. These resources contain structured, semi-structured and
unstructured information. START targets high precision in its question answering, and in large
part, START's ability to respond to questions derives from its use of natural language
annotations as a mechanism by which questions are matched to candidate answers. When new
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information resources are incorporated for use by START, natural language annotations are often
composed manually.

Annotations are computer-analyzable collections of natural language sentences and phrases that
describe the contents of various information segments. The texts and other multimedia contents
in the knowledge base are all annotated resources. These natural language annotations make it
possible to index text and non-text resources which cannot be analyzed by other similar systems.

A user can query the system in English language only. The query is analyzed in the same way as
ways used to create the knowledge base. The query“s analyzed form is matched against the
knowledge base to retrieve stored knowledge. The system will then produce an English response.
Other linguistic tasks like synonymy, hyponymy, are also used in the matching process.

Since it came on-line in December, 1993, START has engaged in exchanges with hundreds of
thousands of users all over the world, supplying them with useful knowledge. The system
provides users with answers in the form of a paragraph that often contains multimedia fragments
such as pictures and audio clips. Figure 3.2 shows a snapshot of START"s web based question
answering system user interface taking an English question “Who is the prime minister of
Ethiopia?” and its reply is shown in Figure 3.4.

Figure 3.2: A snapshot of START’s user interface

The START developers believe that paragraph-sized chunks form the most suitable unit of
response to a user question, because complementing the short answer with additional contextual
information may help with interpretation and analysis for the end user.

While its way of answer presentation seems to be a detailed one, its domain specificity and a
labour intensive annotation of every material in the knowledge base is a limitation.
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START's reply

== P TR P mAL “LLNTC T LOARY

1 did not understand the words "Ph, €& 8", "m&AL", ""LLATC", and " £OAR". Please try using different words.

& (5o back to the START dialog window.

Figure 3.3: START’s reply to an Amharic question

As it is designed for only English language, it doesn“t give answers for questions in Ambharic or
other languages. For example, for the question “PA XL mPAL TLLATC “17 LAAN?” it doesn™t
understand every one of the words in the question as it is shown in Figure 3.3.

But for the same question given in English as “Who is the prime Minister of Ethiopia”, as is
shown in Figure 3.2, it displays a table showing the officials of the country Ethiopia as a whole.
Figure 3.4 shows part of the START"s reply for this question.

START's reply

===> who is prime minister of Ethiopia
The chiefs of state of Ethiopia are:

Chiefs of State and Cabinet Members of Foreign Governments
Date of Information: 11/29/2012

[Pres. [GIRMA Woldegiorgis

[Prime Min [HATLEMARIAM Desalegn
[Dep. Prime Min. [DEBRETSION Gebre Michael
[Dep. Prime Min. [DEMEKE Mekonnen Hassen
[Dep. Prime Min. [MUKTAR Kedir

[Min. of Agriculfure [TEFERA Deribew

[Min. of Cabinet Affairs [DEMISSE Shito

[Min._ of Civil Service [MUKTAR Kedir

|}'T.in. of Communication & Information Technology |DEBRETSION Gebre-Michael
[Min. of Culture & Tourism [AMIN Abdulkadir

|M.in. of Defense |SIRAJ Fegessa Shereffa

[Min. of Education [DEMEKE Mekonnen

[Min_ of Federal Affairs [SHIFER AW Tekle-Mariam

Figure 3.4: START’s reply to an English question
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3.3 Open Domain Factoid Question Answering System

Open domain factoid question answering system [32] is a desktop system by Patanaik and Sarkar
designed to answer natural language factoid questions for English.

In the research, they have followed the pipelined architecture of a question answering system
similar to the one in [12]. But, in the document retrieval component, they have designed a way to
use both local corpus and a search result from existing search engines, Google and Yahoo, as a
knowledgebase. The system supports document retrieval from Google and Yahoo via their public
search engine application programming interfaces (APIs).

In the question analysis component, they have employed the Naive Bayes and SVM
classification algorithms for question classification.

In the document retrieval they have used a local corpus and also they make real time document
retrieval by programmatically sending a query to Google and Yahoo and use the returned results
as an additional resource in document retrieval. This approach incurs an additional overhead
resulting in a delayed return time specially in an intermittent Internet connection.

They have also performed a passage extraction to pick the answer holding sentence out of it.
They assumed that all the information required to produce an answer exists in a single sentence.
But this assumption contradicts to the idea of the researcher in [26] claiming that, for open ended
factoid questions, the answer terms might be dispersed over the entire document.

General Qutput #
Corpus constructed

Ansver 1. Chris Barnard Perforns

Relevant Sentence: Chris Barnard Performs World's First Heart Transplant
URL: http://www. capegateway gov.zaseng/pubs/public_info/C 99478

Score: 2.386294361119891

Answer 2. Chris Barnard Perforns

Relevant Sentence: Chriz Barnard Performs World's First Heart Transplant'
URL: http.//en.wikipedia.orgswikisHeart_transplantation

Score: 0.7954314537066303

Anzver 3. Barnard

Relevant Sentence: Groote Schuur Hospital was placed centre stage in the world's spotlight when Professor Christiaan Barnard performed the first human heart
URL: http://www. capegateway gov.zaseng/pubs/public_info/C 99478

Score: 0.7698603854199589

Ansver 4 Christian Barnard

Relevant Sentence: The South African surgeon Christian Barnard performed the first human heart transplant on December 3rd 1967.
URL: http://wyw.allsands.consscience/firsthumanhear scf_gn . htn

Score: 0.5

Answer 5. Chris Barnard Performs

Relevant Sentence: Home » Publications » Public Information » C &gt Chris Barnard Performs Uorld's First Heart Transplant
Chriz Barnard Performs World's First Heart Transplant

Groote Schuur Hospital (Department of Health, Provincial Government of the Vestsrn Cape)

AITHOR: Cape Gatevay

Tha Tawld's Fivret Hozwd Tezwsn Tawt
4 1 3

Figure 3.5: A snapshot of a sample run of Open Domain QA System
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Then, they employed a named entity recognizer (NER) on the identified sentences to extract
potential answers. The final answer returned to the user could be a phrase or a sentence believed
to contain the answer. Figure 3.5 [32], for example, shows a snapshot of the developed system
answering a question “Who performed the first human heart transplant?”.

Figure 3.5 shows five answers to the posed factoid question. All of the returned answers are of
phrase type except the third one. It also shows the source of the answer and a rank assigned to
the answer.

The researchers have also experimented the performance of Naive Bayes (with partitioned
feature and bag of words feature) and Support Vector Machine (with bag of words feature and
weighted feature set) classifiers for question classification. The experiment shows the following
results:

Naive Bayes Classifier (using Bag of Words feature set) gives 64% accuracy, Naive Bayes
Classifier (using Partitioned feature set) gives 69% accuracy, while Support Vector Machine
Classifier using Bag of Words feature set brings 78% accuracy, and finally the Support Vector
Machine Classifier using Weighted feature set results in 85% accuracy.

3.4 Language Independent Question Classification

The researchers in [10] came up with a language independent method for question classification
which they have tested to work on English, Italian and Spanish languages with a classification
accuracy of 88.92%.

Their approach exploits lexical features and the Internet to train the Support Vector Machine
(SVM) classifier. The SVM learning scenario considers as attribute information prefixes of
words in combination with attributes whose values are obtained from the Internet. These Internet
based attributes are targeted to extract evidence of the possible semantic class of the question.

The procedure for gathering attributes from the web is by using a set of heuristics to extract from
the question a word w, or set of words, that will complement the queries submitted for the
search. They then go to the Google search engine and submit queries using the word w in
combination with all the possible classes in focus. They then count the number of results
returned by Google for each query and normalize them by their sum. The resultant numbers are
the values for the attributes used by the learning algorithm.

They claim the classification method to be language independent since the features used as
attributes in the learning task can be extracted from the questions in a fully automated manner
without using semantic or syntactic information.
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They believe that this method can be successfully applied to other languages, such as Romanian,
French, Portuguese, and Catalan that share the morphologic characteristics of the three languages
used in the experiment, English, Italian, and Spanish.

But, as there is no full fledged Amharic Search Engine available on the web and even Google is
not replying well for Amharic queries as compared to the languages they have experimented
with, we can not expect the system to achieve a good classification performance for classifying
Ambharic questions.

3.5 Question Classification Using Support Vector Machines

The researchers in [11] have experimented with five different machine learning approaches for
automatically classifying questions. The machine learning algorithms used are Nearest
Neighbors (NN), Naive Bayes (NB), Decision Tree (DT), Sparse Network of Winnows (SNoW),
and Support Vector Machines (SVM). They perform the test using bag-of-words and bag-of-
ngrams of features in the questions. In the experiment of classifying questions in to 6 coarse
grained and 50 fine grained question categories, the SVM algorithm yields a better classification
performance than the other types in both fine grained and coarse grained categories. They have
also reported their observation about employing different kernels to tune the performance of
SVM classifier and witnessed that the SVM based on linear kernel returns similar results as the
results acquired by using SVM based on polynomial kernel or other kernels.

3.6 Summary

Natural language question answering systems are studied in different approaches for many
languages. We have tried to discuss about some of the works somehow related to our work. In
Section 3.1, we have seen how TETEYEQ [4], the first Amharic factoid question answering
system, works. It was designed by employing hand crafted rules in question classification and it
was aimed for use as a desktop application. But our system is designed to employ machine
learning algorithms in classifying questions and also is meant to be used in the web. Hence, we
have added a web crawling component so as to acquire web documents for our search space.

The first web based English question answering system, START [3], answers natural language
English questions by presenting text and multimedia information. It uses natural language
annotation technique to label the information they have and when a certain question, with a
matching annotation to the stored information comes, then they will present the information back
to the user. The manual annotation makes it labour intensive and also it is designed to answer
natural language questions of the English language only. Our system is also a web based one
which aims at answering Amharic natural language questions. Instead of using a labour intensive
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annotation to resources, we tried to automatically classify questions and retrieve documents
related to the questions using the known open source Lucene searcher.

An open domain question answering system [32] is discussed in Section 3.3. It is designed for
answering English natural language questions. They have tried to use a local document source as
well as a real time search result acquired from Google and Yahoo search engines. Such methods
of document retrieval depend on the availability of a high speed Internet connection. They have
also used a named entity recognizer (NER) for English language in extracting answers. This
simplifies the answer extraction process, but with the absence of NER tool for Ambharic
language, we have tried to use a list of person and place names and regular expressions for
extracting answers terms for the person, place, time, and quantity types.

Researchers in [10] have developed a language independent method for question classification
and tested it on the English, Italian, and Spanish languages. They have used a heuristic method
of pushing the query terms into the Google search engine and performing certain computations
on the returned results to determine the question type. This method also is dependent on the
availability of a fast Internet connectivity.

The research in [11] compares different machine learning algorithms in the task of automatic
question classification for question answering systems. Their testimony declares that support
vector machine (SVM) algorithm outperforms other four known machine learning algorithms.
Hence, we stick in employing the SVM classifier in our research too.
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Chapter Four - Design of WBAQA (Amf%)

Our QA system has been given a name Am®P (Ask Me). 1A ANAD (Bela Libeliha) is an ancient
Ethiopian traditional case law, where two people appear before a judge and they used to ask
questions for each other in a poem. When the trial starts, infront of the judges, the plaintiff says
+m?P (Be questioned) to the defendant and the defendant, after getting himself ready, replies
by saying Am?® (Ask Me). Then the trial continues where both parties are asking questions
(natural language questions) to each other and finally, the one who is able to reason out the most
wins the trial. Likewise, our system, after all the necessary data preparations, is saying Amf®
(Ask Me) to the end user. Hence, the system is named after this historic term.

The web based Amharic question answering system, as its name indicates, is a natural language
question answering system expected to respond to end users™ Amharic factoid questions posed to
the system like the way end users are querying human beings in natural language questions.

Therefore, in the first place, the system needs to understand what the end user is meant to look
for. Analyzing the users™ request by itself is not enough. The request (question) needs to be
formulated into an equivalent query that can be understood by the system in retrieving
documents related to what is being asked.

Passage retrieval is an intermediate process in some question answering systems between
document retrieval and answer extraction. Potential passages are selected from the returned
documents so that the answer extraction effort will be minimized. But it doesn“t always
guarantee to get a better result than extracting answers directly from retrieved documents. This is
basically dependent on the distribution of answer terms in the document. If it is believed that
answer terms are commonly found in a single passage, the passage retrieval becomes efficient.
But for open ended factoid questions, the answer terms might be dispersed over the entire
document. Hence, dealing with passage retrieval doesn*t work in our case [26].

Knowing the key words to retrieve documents from the document repository is the next step. But
the document repository®s richness has the major effect in the likelihood of finding the
documents in the repository. The repository can be a small (or constant) collection of documents
collected from the web or offline materials. This results in two situations: First, if a matching
document is not found in the repository, given a particular set of query terms, it can always be
determined that the same response will be generated in the future for similar queries. Second, the
repository size has a direct relationship in the likelihood of finding related documents for a given
query; the larger the number of documents in the repository, the higher the likelihood of finding
related documents for a given query term(s).

Figure 4.1 shows the entire architecture of the web based Amharic question answering system.
The detail explanation about each component in the system comes next.
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Figure 4.1: Architecture of the Web based Amharic Question Answering
System
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4.1 Web Crawling

The objective of web crawlers is to retrieve web pages and download them or their
representations to a local repository. The repository might be used for different tasks like the
search engine as a source of searching documents for users” queries, mostly after passing through
an indexing process.

The crawling process is initiated by giving initial addresses (seed URLs) to the crawler to start
for crawling. The content in the seed URL will get downloaded and external links in the seed
page will be followed for another download to take place. The external links might be links to
other pages in the same site or in external sites. The visiting and downloading process goes like
this until all the links are exhausted or some other stopping conditions are reached. The crawling
order can also be different like first all the seed URLs are downloaded and the links in them will
be downloaded. This order is called breadth first crawling order. It gives priority for the most
important seed URLs before giving a visit to the external links. And the other one is, taking one
seed URL, downloading it and directly going to links in the page before other seed URLs called
depth first crawling order.

Crawlers are categorized as language specific and generic crawlers based on the specificity on a
certain natural language or to any natural language at all [7]. Our crawler is a generic one as it is
meant for crawling all the pages found in the given URL without checking whether the page is
with Ambharic content or not. For example, one of our seed URLs, the Ethiopian News Agency
(www.ena.gov.et), has news in English in addition to the Amharic ones, but the crawler will
download all the pages without checking the language. Also, not all the pages fetched following
external links in the seed URLs result in an Amharic content page.

Therefore, a certain categorization task must be called after downloading a particular page so
that non-Amharic content pages should be discarded and pages with most of Amharic content
and written with Unicode encoding should be stored in the repository for further processing. As
more Internet standard protocols designate Unicode as the default encoding, there will
undoubtedly be a significant shift toward the use of Unicode on web pages [36]. That is why we
preferred to work on Unicode encoding. Also, known Ambharic news sites (like:
www.ethiopianreporter.com, www.waltainfo.com, www.ena.gov.et, etc.) are using this encoding.
The language (script) identification is the task of the language (script) identifier component. As
is shown in Figure 4.1, the language (script) identifier takes in the crawled web pages from the
repository and puts the pages with Amharic majority web pages into another repository that is to
be used by the Lucene indexer.

For the language (script) identification task, with certain modifications, an open source tool
called Language Identification Module (LIM) developed by Japanese researchers is used to
classify contents in a given page as to Amharic majority content pages or not. Based on this tool,
pages containing 60% or more Amharic contents and written in Unicode encoding are treated as
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relevant else non-relevant for the storing process [35]. A proportion of 60% is chosen so as to
include pages with a multilingual content but with a majority of Amharic texts in the page.
Relevant documents then are stored in the repository and used for subsequent tasks.

Start

I

Initialize frontier
with seed TIRT.s

A4 [done]

> Check for termination ] > . End
[Not donel l T

[ Pick URL from frontier ]

[no URL]
[URL]

\ 4

Fetch Page

[ Add URLs to frontier ]

Figure 4.2: Flow of basic sequential crawler

Figure 4.2 is a flow chart showing the activities in a general crawling process [20]. In the Figure,
the frontier is the to-do list of a crawler that contains the URLs of unvisited pages. First, the
selected seed URLs will be stored in the frontier. The frontier works in a queue fashion
executing URLs in a First In First Out (FIFO) order for the links to be visited. The top in the
queue are the seed URLs and every time when a new link is found in the process of fetching a
page, the link will be added to the frontier list at the bottom. This ensures a breadth- first
crawling mechanism.

Every time, when a new link is found, it should first be checked for its existence in the queue to
avoid repetition before adding it to the queue.
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4.2 Script Identification

As is explained above, fetching a page doesn“tmean it to be added to the final repository. It goes
through the categorization process to determine its importance for our task based on whether the
Ambaric contents in the page is of 60% and more of the entire content or not plus the encoding
used is Unicode. This identification is done with the help of the Language Identification Module
(LIM) trained with full Amharic contents with Unicode encoding.

The LIM takes in a page from the crawled pages directory and identifies the scripts® proportion
used in writing texts in the page. Then, pages considered as relevant in our case, with the above
criteria, will be stored in the Amharic pages directory to be used for the indexing task.

The identification task doesn“t always help us purely identify Amharic documents. As the
identification is based on the characters and encodings used in the documents, it cannot exclude
documents written in other Ethiopian languages (like Tigrigna) using similar characters and
encodings. For this issue, we have another module used after the identification process to check
the availability of common Ambharic language stop words in the documents and store the
document to the final repository if it contains these stop words or reject if it doesn“t. For this
purpose, a list of frequently appearing Amharic stop words is collected from [38].

4.3 Indexing

Indexing is the process of converting documents in the repository into a highly efficient cross-
reference lookup (index). For this task, we have used the Lucene library. In Lucene indexing, the
index stores statistics about terms in order to make term-based search more efficient. Lucene's
index falls into the family of indexes known as an inverted index. This is because it can list, for a
term, the documents that contain it. This is the inverse of the natural relationship, in which
documents list terms. Lucene index contains a sequence of documents, where a document is a
sequence of fields and a field is a named sequence of terms called strings.

The Indexer extracts a text from the downloaded documents. But this text passes through the
Amharic analyzer before it is stored in the Index file. Figure 4.3 shows the processes in the
Ambaric analyzer. Description of the flow of activities in the Figure is follows.

e The character streams will be tokenized into words by taking white space and Amharic
punctuation marks as word demarcations. Also, known Ambharic alternative characters
will be normalized into a unique character.

e If there is a word expressed in shorter forms (abbreviations), it will be replaced by its
expanded form.
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e Then, the words will be checked for stop-words. If the word is a stop-word or if it is a
variant of a stop-word, it will be removed.

e The remaining non-stop-words will be stemmed to reduce them to their common form.

Ambharic
Documents
Directory

Document

Tokenization }

Word

Is Short Short word
Word? Expansion

Expanded Word

Stop word
Removal

[ Stemming }

Figure 4.3: Flow of processes in Amharic Analyzer

The final result from Figure 4.3, the stemmed word, is added into an index, a structure that is
appropriate for fast searching and further processing. The resultant file is called Lucene index
file and it cannot be directly viewed in text editors. But there is a Lucene index toolbox called
Luke, freely distributed under Apache software license, which is useful to open the Lucene index
file and see the indexed terms, the number of documents containing the term, and the frequency
of the term in the documents containing it.

As the Lucene does the indexing for us, given the necessary preprocessing modules for
tokenizing, abbreviation expansion, stop-words removal, and stemming for Amharic language,
our task is to integrate these Amharic language processing modules into that of Lucene so that
the document retrieval component of the question answering system can go safely.
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So far, we have been going through the preparation of the data repository from which the
document retrieval component can search for related documents for the query terms generated
from the natural language question posed by the user.

Next, we will deal with the other components of the system starting from the analysis of the
users™ question to the system®s answer finally expected to be delivered in response to the
question.

4.4 Training the classifer

Support Vector Machines were initially designed for binary classification (classification into one
of the two classes). How to use it in multi-class classification is still a research issue. Different
approaches have been proposed on how to use the binary classifier for multi-class classification
tasks. A “one-against-one” way of combining binary classifiers is a more suitable way for
practical use [23].

Hence, in our training, we have generated a total of six classification models in the “one-against-
one” terminology (i.e. n(n-1)/2 models where n is the number of classes; n=4 in our case). That
is, models for ,,person” & ,time"; ,,person” & ,,place”, ,,person’ & ,,quantity”, ,,time" & ,,place®,
Htime™ & ,.quantity”, and ,,place”™ & ,,quantity™ are developed and stored for use in testing the
classifier.

SVM, as a statistical approach, needs large amount of training data so as to train the machine so
that it would make accurate classifications for the unseen test data.

In this case, we have prepared 1200 questions from the four classes of factoid questions
(,person®, ,fime", ,place™, and ,,quantity®) for training the classifier.

The Windows version of the SVM classifier, SVM_Light', developed by Thorsten Joachims, is
used for our question classification task. It is freely available for research purpose and can be
smoothly integrated with our system.

The more training data prepared for training the classifier, the more accurate the classifier
becomes. But there is a trade-off for the accuracy; it increases computation time to classify the
test question into one of the classes. In our case, the accuracy is a priority with the expense of the
computational time as the accuracy of the classifier has a vital role in the question classification,
and other subsequent components of the system like the Answer extraction component. Hence
failing to accurately classify might end up in returning a wrong or no result to the given question.

1 Freely available at http://svmlight.joachims.org/
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If it turns out that the type of question doesn“t fall in any of the question types (person, time,
place, and quantity), then the system decides that the question is not of Amharic factoid question
type and returns a “@PCH ATLEP aPAG AATTTI®” message to notify the user for this effect and
halt the question answering process at this stage.

To use the SVM_ Light classifier, the training and testing data should be converted into a format
suitable for the SVM algorithm. The conversion process and other classification details are
presented in detail in the next chapter.

4.5 Question Analysis

This is the first component of the system which directly interacts with the end user. When the
user poses Ambharic factoid question to the system, the question analysis component takes in the
user query and passes it to its sub components. The two major sub components are automatic
question classification, and query generation.

4.5.1 Automatic Question Classification

One of the major differences of our system with that of Seid Muhie's [4] is the question
classification approach. In [4], a serious of hand-crafted rules were used to classify user™s
questions into the factoid question types of ,,person®, ,,time"; ,,place®, and ,,quantity”. But, in our
case, the classification is done using a statistical approach by getting use of the very known and

efficient text classification algorithm called the Support Vector Machine (SVM).

The classification models developed in Section 4.4 will come in to use at this stage to classify
new questions posed by the users. The six classification models will be used to classify the user
question and then for the total effect, the class having the largest number of appearance after
executing the six classifications will be the class assigned for the given question.

Details on how the training and testing procedures are done on the SVM classifier will be
presented in Chapter 5.

4.5.2 Query Generation

This is the component which transforms the natural language question into the one suitable for
searching the terms in the question from the Lucene index file. The generated query hence is the
sole input to the forthcoming document retrieval component.

During the generation phase, after two steps, the given question goes through similar steps as the
crawled pages went in their way to the indexing (similar to Section 4.3). These steps are:
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¢ Question particles like “977 £0AA?”, “9°7 Pud 1@-?” will be removed from the question
because it doesn“t worth for searching. This is done by checking the existence of such
terms in the question and replacing them with an empty character.

e Lucene“s built in query parser is used to parse the user query. The parser needs a
language analyzer as a parameter. Hence, the Amharic analyzer will come in to use at this
point. The following steps illustrate the processes in the Amharic analyzer.

e The character streams will be tokenized in to words by taking white space and Amharic
punctuation marks as word demarcations.

e If there is a word expressed in shorter forms (abbreviations), it will be replaced by its
expanded form.

e Then, the words will be checked for stop-words. If the word is a stop-word or if it is a
variant of a stop-word, it will be removed.

e The remaining non-stop-words will be stemmed to reduce them to their common form.

The reason why the query is analyzed with the same analyzer (Amharic Analyzer) in which the
crawled documents are analyzed is mainly to have the same kind of processing being applied on
the text in the index and in the query so as to get the best out of the searching process.

The generated query is then passed to the document retrieval component for searching
documents related to the query generated and believed to contain candidate answers.

4.6 Document Retrieval

The document retrieval component is responsible for fetching documents which are related to the
generated query in the previous component. The quality of this component has a direct
relationship with the overall Question Answering System‘s performance [25]. As is mentioned
earlier in this chapter, the searching of documents having maximum number of terms matching
to the query generated is done in the index level. That is, as the crawled documents are analyzed,
indexed and stored in a Lucene index file, and the generated query is similarly analyzed to have
compatible format as the indexed document, the searching becomes straight forward.

The searching is solely performed by the Lucenes IndexSearcher class by passing the path of the
index directory for documents to the constructor of this class and passing the analyzed query as
an argument to the search method of this class. As a result, the set of related documents to the
given query will be returned as Hits.
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This may work fine for other Information retrieval tasks like the search engines where their
primary goal is to provide the user with related documents containing a term (or terms) from the
search query. But, for the question answering task, hits returned from the document retrieval
component are not guaranteed to hold candidate answers for the user question. Because, the
Lucene®s index searching only cares about the match (similarity) between query terms and
indexed documents. But it is likely that a top ranked document, a document containing maximum
number of query terms when compared to other documents, might not contain candidate answers
in it.

Therefore, the documents returned from the Lucene“s search method are subjected to further
inspection by the subsequent component, answer extraction component.

4.7 Answer Extraction

This is a fundamental component that a question answering system differs from the ordinary
search engines. Its main objective is to extract terms, which are believed to be answers to the
question posed by the user, from the hits returned by the Lucene*s index searcher.

Different factoid question answering systems employ different methods of extracting an answer
from candidate documents or passages. Most of the methods are pattern matching technique,
semantic parser, temporal context identifier, and logical prover [27].

The answer extraction methods based on pattern matching form the most simple and commonly
used group of answer extraction methods. The most complex part of the method lies in the way
the patterns are created or generated, whereas the patterns themselves are simple. Answer
extraction methods based on pattern matching follow the tradition of information extraction
methods.

Answer extraction patterns (AEPs) may consist of several types of units, such as punctuation
marks, capitalization patterns, plain words, part-of-speech (POS) tags, tags describing syntactic
function, named entities (NEs) and temporal and numeric expressions.

The logical prover has access to knowledge of five different types: extended WordNet axioms,
ontological axioms, linguistic axioms, a semantic calculus and temporal reasoning axioms.

Besides using the above ways, there are other methods. One of the methods is the very simple
proximity based method. It is based on the proximity between the query terms and candidate
answer terms. These candidate answer terms are identified from the documents based on some
pattern matching technique.

In our system, we follow the pattern matching approach together with the proximity method.

Here, we follow the following steps to generate the likely answer:
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% Acquire the expected answer type for the posed question. This is primarily determined in
the question analysis component as discussed in Section 4.4. It is straight forward that
questions of type ,,person‘ are expecting an answer of same type, questions of type ,,time"
are expecting an answer of type ,,date/time®, and so on. Determining the expected answer
type is useful for us to make use of different pattern matching methods accordingly.

¢

% Extract a candidate answer from the top n hits returned by the document retrieval
component. For identifying candidate answer terms from the hits returned, using a
Named Entity Recognizer (NER) module is of great importance as is witnessed in many
other question answering systems for other languages [24]. Unfortunately, we couldn“t
find NER developed for Amharic language. Hence, we use a pattern matching approach
for picking date/time and quantity/numeric terms from the document and for the person
and place terms in a document we use a gazetteer (list of names of persons and places)
matching technique by supplying the rules and list of gazetteers manually. The regular
expressions and gazetteers are adopted from Seid Muhie*s work in [4]. This is done in
light of the expected answer type acquired in the above step.

& Compute the proximity of extracted candidate answers in the document with the query
terms in the document. This is done for top n Hits returned.

% Filter the hits based on their relevancy. The relevancy of a document is decided based on
the number of query terms found in the document.

% Pick the n likely answer(s) from the relevant documents above. A document with a
maximum number of query terms and with a smallest distance between these terms & the
candidate answers is more likely to have the correct answer.

Finally, the list of likely answers will be returned back to the user as a reply to the question
posed at the very first step.

It is not a surprise that after all these sequential interaction of the question answering
components one after the other, the final result may end up in returning “no answer” to the user.
This happens because of the absence of relevant documents in the repository, because the query
terms are found very dispersed in ,relevant™ documents, or absence of candidate answer terms in
the ,relevant™ documents.
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Chapter Five - Implementation of Web Based Amharic Question
Answering

5.1 Web based Question Answering

The title “Web based Question Answering” implies for answering users™ natural language
questions being online (in the web). The architecture and basic explanations about the
components of the system is covered in the previous chapter. Here we will look into the details
of the design mainly discussing about the algorithms employed in the system and the rationale
behind selecting the algorithms.

The overall system has two major parts, the search engine part and the question answering part.

Next, we shall discuss about the systems development environment and then we will have a
detail view of the sub parts in the system and discuss how these parts are formulated with the
following order: Web crawler, indexer, question analysis, document retrieval, and answer
extraction.

5.2 Development environment

We have prepared a prototype which can basically take user®s natural language query and after
going through all the mentioned processes, deliver an answer in the way users prefer to see just
like two persons interacting with each other where the one is asking for a fact and the other is
replying. Therefore, the system is developed and tested in a system with Intel Core 2 Duo CPU
of 2.1 GHZ speed, a 2 GB RAM, and a Windows 7 operating system. Furthermore, the system is
dependent on an Internet connection for regularly performing a web crawling and the system
itself is a web based system where end users access it online.

The entire system is designed with the Java programming language to take the languages
advantages of machine independency and its ease in interacting with other open source tools like
the SVM_Light tool, JSpider crawler, and the Language Identification Module (LIM) we use for
text classification, web crawling, and identifying Amharic web pages respectively. Moreover, the
Lucene Application Programming Interface (API) is fully designed by Java programming
language.

For crawling the web, we have used the JSpider crawler. It is an open source project, written
entirely in Java (J2SE). It is an implementation of a highly flexible, configurable web robot
engine.
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After the web crawling task, we need to classify a given web page as relevant or irrelevant to our
study based on the page“s proportion of Amharic contents written in Unicode encoding style.
This major duty wouldn“t have been easily accomplished without the help of the freely available
Java based Language Identification Module (LIM) tool developed by Japanese researchers in
their project called Language Observatory Project (LOP)* .

Another important tool we use is SVM_ Light which is the implementation of the Support Vector
Machine (SVM) algorithm for a statistical text classification task that we have used in the
question analysis component for classifying questions into one of the question types.

Next, let™s go for the details of implementing every component and sub components one by one.

5.3 Crawling

We have used the Java implemented, open source web crawler called JSpider crawler with a little
modification on the settings.

As is shown in Figure 5.1 [31], the basic parts in JSpider crawler are:
= The engine core
= A model, describing all spidered resources, sites, etc...
= An event model notifying of what“s going on

= Components implementing a SPI (Service Provider Interface)

Figure 5.1: Basic components of the JSpider web crawler

2 http:/ /gii2.nagaokaut.ac.jp
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Let“s see the Jspider components in brief.

a) SPI components

There are several types of SPI components that can be used by JSpider.
The most important ones are Rules, Plugins, and Event Filters.

Rules

Rules decide which resources should be fetched and/or processed by JSpider. By constructing a
set of rules on a global or per-website basis, we can define JSpider*s behaviour and scope.

There are a lot of rule implementations that come with JSpider, and we can also develop our
own.

For example, we can write the following global level rule to decide about the spidering (fetching)
of resources:

jspider.rules.spider.count=1
jspider.rules.spider.1.class=net.javacoding.jspider.mod.rule.OnlyHttpProtocolRule

This makes sure that we only spider resources with the http:// protocol in front of the URL and
ignore others.

Plugins

Plugins are components that have access to the data structures exposed by JSpider, and are
notified of certain events happening. They can then take appropriate actions. These actions can
be anything:

e Writing a report file
e Displaying a message on the console
e Writing a fetched resource to disk

¢ Sending a mail to someone, etc...

By implementing our own plugin, we can add functionality to JSpider. We could, for instance,
construct a configuration in which JSpider tests a certain site for 404 errors (link errors), and
send an e-mail with all error links to the webmaster. Another usage would be to mirror a website
on our local disk: for this purpose, we would enable a plugin that writes every fetched resource
into a file on our hard disk.

Web Based Amharic Question Answering for Factoid Questions Using Machine Learning Approach 40 | Pa ge



Event Filters

Event Filters can select the events that have to be handled by the system as a whole or a
particular plugin.

b) API components
The JSpider API consists of object model and an event system.
Object model

The object model represents everything that JSpider encounters while spidering. It can be Sites,
Resources (URLs), Content, Cookies, etc...

This model can be accessed from within the components in order to look up data, write a report,
calculate statistics, etc... The model is backed by the storage component.

Event system

The event system is a group of event classes that will be used to notify all interested plugins of
certain events happening during the spidering progress.

There are three types of events in JSpider:
— Engine events like: spidering started, stopped, configuration chosen, ...
— Spidering events like: site discovered, resource spidered, fetch error, ...

— Monitoring events like: give information about the spidering progress and the thread pool
occupation.

¢) Engine core

The main part of JSpider is the engine core that implements the most basic functionality
delivered by JSpider.

All the above components™ configurations are kept in properties files that we can modify for our
own use. In our case, we have made changes on the proxy configurations to specify the proxy
server we are using (,cache.aau.edu.et, port: 8080%) in the global level (default) JSpider
configuration file.

We are using Version 0.5 of the JSpider crawler released for Windows version. The JSpider is
started from the command prompt via a startup script. After making important configurations
like the proxy server and the number of threads to be initiated, we type the command ““jspider”
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followed by the seed URL we want to crawl and “download” command at the end. A sample

snapshot of the crawling is shown in Figure 5.2 by supplying a sample seed URL
www.ethiopianreporter.com to start crawling the website of the Ethiopian Reporter newspaper.

Figure 5.2: Starting the JSpider web crawler

After we have downloaded pages from the selected seed URLs, we need to identify the pages
with Amharic majority content using the language identification module (LIM) and further
excluding pages which are written with other Ethiopian languages using the same characters as
Ambharic language (languages like Tigrigna). This is done by checking the availability of
commonly appearing Amharic language stop words in the identified documents to decide
whether to include the document into the final document repository or not. The list of commonly
appearing Amharic stop words is collected from [38].

5.4 Indexing

For creating the Lucene index file, we need to understand the following basic classes of Lucene.

Document - The Document class represents a document in Lucene. We index Document
objects and get Document objects back when we do a search. For example, the following
is the code we used to instantiate a lucene document object with a name ,doct™.

Document doct = new Document();

Field - The Field class represents a section of a Document. The Field object will contain
a name for the section and the actual data. A Document object is a collection of Field
objects (name/value pairs). So, for each file to be indexed, we instantiate a Document,
then populate it with Fields.

In our case, the most important Fields are the <’title”><"title of the page”>, <’url”><"url
of the page”>, and <’content”><"content in the page”>. It is also possible to add other
Fields like the date modified, author, and so on. The code to add title, and URL, to the
document ,doct*is:

Field ttl= Field. Text("title",”Official site of Addis Ababa University”);
ttl.setBoost(2);

doct.add(ttl);

doct.add(Field.Keyword("url",”www.aau.edu.et”));
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There is an option to give emphasis for particular fields so that while searching, a match
found in these fields shall be given a priority. In our system, the title Field should get a
priority hence, when we do searching, if a match is found between the query terms and
the title field, the document will be given a higher rank. This is done by giving a value for
the setBoost property of the title Field as ttl.setBoost(2) as is written above.

e Analyzer - The Analyzer class is an abstract class. The most commonly used
implementation of this abstract class is the StandardAnalyzer class. But it is designed for
English Language. So, for our case we need to have an analyzer for Amharic language.
We are using the Amharic Analyzer developed in [4] by making suitable improvements
of the work in [7]. The Analyzer*s job is to do preprocessing tasks on the files before they
are indexed. The tasks include tokenizing, short words expansion, stop-words removal,
and stemming. The details on the AmharicAnalyzer will be presented later.

e IndexWriter - The IndexWriter class is used to create and maintain indexes. This class
needs an appropriate analyzer to be passed in order to create an object from it. So, we
need to use the AmharicAnalyzer in this case.

Figure 5.3 shows the algorithm used to create the lucene index file by taking documents
from the crawled Amharic pages repository.

Step 1: While the repository has files, take a file from the Amhraric pages
repository

Step 2: Create a lucene Document object to hold the file
Step 3: Add Fields and their values to the lucene Document object

Step 4: Create lucene IndexWriter object by using the Amharic analyzer
and a path in which the lucene index file is to be created

Step 5: Add the lucene Document object to the indexWriter object.

Step 6: Go back to Step 1

Figure 5.3: Algorithm to create a Lucene index file

The Amharic pages repository was the one created in the document identification component.
The algorithm in Figure 5.3 will be applied for all the files in this repository. An object is
instanitated from the lucene Document class to hold every file. The different sections of the file
like its title, URL, and content are then added to the object together with their values as lucene
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Fields. An IndexWriter object is then instanciated by passing the AmharicAnalyzer object and a
directory for the lucene index file to be created. The Amharic analyzer is used for tokenizing
every word in the file, filtering stop words, and stemming non stop words to be indexed. Finally,
the lucene Document object with its necessary Fields added will be written by the IndexWriter
object into the lucene index file.

5.4.1 The Amharic Analyzer

The Amharic analyzer is the principal component in making the Lucene index by undertaking
fundamental preprocessing tasks on the files before they actually get indexed. The following are
the tasks performed in the Amharic analyzer in their order of use:

a) Tokenizing

The Amharic documents in the repository are tokenized before going to the indexing process.
Tokenization breaks the stream of characters into raw terms or tokens. This process detects word
boundaries of a written text. In Amharic, words can be separated using a white space, tab,
Ambharic punctuation marks, or by new line. Therefore, by tokenization, we identify separate
terms from the document.

In the process of tokenization, alternative Amharic characters found in the current token will be
normalized to a unique character. The known Ambharic alternative alphabets are then replaced by
a normal one throughout the documents in the repository. The normalization is similar to the one
in [4].

Example: characters ,p% ,;1°, and ,sh*, are normalized into ,J*. ,A*“ & ,**“are normalized into ,A"
b) Short words expansion

Amharic nouns formed by combining two separate words are commonly written in short forms.
But, for a better search result, they need to be written in a unified form so that enquiries using the
expanded form can find the shortened forms. The short form writing is done by use of a forward
slash (“/”) or a dot (*.”).

Therefore, short words like “7°/A.#av20C”, ““F/01”, and “0.hCOHP7” are expanded into the words
“Ohrtd AParINC”, “FPUCT (L7, and “OF hCAkE?’ respectively through the process of short
words expansion.

c) Stop words removal

Stop words are commonly occurring words in a sentence. As stop words have no document
discrimination value for information retrieval purpose, they usually are chopped out in most of
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IR systems. There is no comprehensive list of all Amharic stop words. But we use the list
generated in [4] by taking the list of stop words identified in [7] with a little modification plus a
new list added to include question particles like 997 (who), @2 (when), ¢ (where), and a7t
(how much).

d) Stemming

Stemming is a technique whereby morphological variants are reduced to a single stem. It is
language dependent and should be tailored for each language since languages have a varying
degree of differences in their morphological properties.

As Ambharic is a morphologically rich language, designing a perfect stemmer is not an easy task.
So far, different efforts have been made to come up with a full fledged stemmer for Amharic
language.

For the question answering task, we should keep proper nouns, dates, and numerals un-stemmed
because these are the terms with a potential to bear an answer. So, for this purpose, the stemming
algorithm developed in [4] has been employed instead of the one in [7].

All these preprocessing tasks done in the Amharic analyzer make documents ready to be indexed
by the Lucene®s index writer and stored in an index file. The very important point here is, we
need to make sure that the same Ambharic analyzer must be employed while querying the index
searcher.

The Lucene index files can be viewed by a tool called Luke. As Lucene employs inverted
indexing, which shows list of documents containing a term instead of list of terms contained in a
document; Figure 5.4 is a snapshot of a sample index file showing some of the documents
containing the stemmed term “248 which is the stem of the terms “f457, “02L8G”, “RLEPT”,
and the likes. As we can see, there are 93 indexed documents containing this term displayed in
decreasing order of the query score in each document. This score is computed based on the term
frequency (tf) and inverted document frequency (idf) of the query term (“£4%”) in each
document.

The Figure also shows the lucene Document Fields added during indexing. These Fields are the
content, localurl, titile, and url as shown in order.
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Figure 5.4: A Lucene Index file as seen in the Luke

5.5 Question Analysis

In this component, the user query is taken as an input and passes through two major and critical
sub components called statistical question classification and query generation from which the
subsequent components of the system are taking their inputs. Let™s go to the detail discussion on
their implementation.

5.5.1 Statistical Question Classification

Classification is a supervised way of teaching machines with sufficiently enough amounts of
training samples so that the machine can learn to classify test samples in an accurate manner. For
question classification, we have prepared training data from the four question classes (person,
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time, place, and quantity) to train the classifier. The classifier*s accuracy will be presented in the

Experiments chapter. But for now, let”s take a look at the steps in training and testing the
SVM_Light classifier.

a) Training the classifier

Steps:
1.

Preparing the training set. Sample questions from the four question types, with a due
consideration on the different ways of making questions, are prepared in this step by
putting a single question in a file. For example, the following are sample questions from
each type:

- 21942 hAA TPPUCT (LE A4 717 £0AK? (person)
- PAEEEL ALC P RICHET FIPVCT (b oV FRRav?  (time)
- 195®<7 04AI° AC D P78 O-L:8:C LOFG18F @< A1C @77 T0AAT? (place)

- (A§SN 070 1CA hrbmd APTF aphhd 9°7 PUA NhTALO/ AL0 OTEH- SFF@-?  (quantity)

Much of the questions are made from a news corpus that we have collected from the
Ethiopian News Agency (ENA). The news itself was prepared in different categories as
“sports”, “science & technology”, “accident”, “law & justice”, “education”, “health”,
“politics”, “foreign relations”, ‘“economy”, “culture & tourism”, “social”, and
“environment” categories. Therefore, in preparing training questions that represent

different aspects, the news corpus was a good source.

As is discussed in the previous chapter, SVM can only work for numeric data. So, to use
the SVM_Light classifier and prepare a classifier model, we need to convert these
training samples into the input format the SVM requires. For doing so, the next steps are
important.

For a simplified discussion, we will consider a model prepared to classify questions into
either ,person®or ,,time“(i.e. ,person® vs ,,time“classifier).

Create category vocabulary. This is a vocabulary made in each class by taking every term
in all the questions of that class type. The format in the vocabulary is:

[The term] [count (frequency) of the term in all documents of that class].
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Here, the minimum frequency of a term is 1 (i.e., it at least appears once in one of the
documents in that class). For example, Table 5.1 shows some vocabularies taken from
»person® category:

Table 5.1: Sample vocabularies in category ‘person’

Term | Frequency
227°(LA

A7
noa
pl<Ta\
Pavet
nce:

=N N N

In Table 5.1, the term “haa‘ appears 6 times whereas the terms “£7” and “»eA* appear
twice and the terms “e29°0.4”, “Pevg+, and “nc& appear only once.

3. Create a global vocabulary. This is done by taking all the terms available in training
questions found in either or both ,person” & ,time™ classes and computing the
occurrences of the terms. A global vocabulary is prepared as in the following format:

[The term] [its number of appearances in ,,person” class documents] [its number of
appearances in ,time* class documents].

Here, for classification purpose, we treat the first class (,person®) as positive and the
second one (,,time‘) as negative.

Table 5.2: Sample global vocabularies in person and time classes

Term | Person frequency | Time frequency
477 2 0

hd | 6 2

7 0 11

tkkav | () 2

Here in Table 5.2, the term “7% appears twice in ,,person” and never in ,,time* class
documents whereas the term “hdé\” appears 6 times in ,,person and twice in ,,time*class
documents.
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4. Compute term frequency of every term. The term frequency of a term is the number of
times the term appears in a document. So, for every term in all documents of both classes,
we computed term frequencies and kept it in one file per document. Most often, terms
have a chance of appearing only once in a question document.

5. Assign an id for every term and compute the terms* document frequencies in training sets
of both classes. Assigning a numeric (integer) id is mandatory as the classification
algorithm only entertains numbers for the classification. For this task, we can take the
global vocabulary created in step 3 and a directory containing all question documents
from both classes. Table 5.3 shows a sample output of this process:

Table 5.3: Terms, term ids, and document frequencies

Term | Term id Total frequency
2o7°0A | 70 1
AT 71 2
naa 72 8
PLA 73 2
Porst | 74 2

The term ids are given starting from 1 for the first term in the global vocabulary and
keeps on adding 1 until the last term.

6. Identify the best K features (terms) from each class which have an influence in
classifying questions to either of the classes. The selected best features (terms) from each
class are written into a file. This selection of best terms of one class type is done with
respect to the other class being in consideration for the binary classification.

Next, a collection of the best terms from both ,,person® and ,,time“classes are written into
a file. Finally, the best terms will be assigned a new id starting from 1 to the count of best
terms, the number of appearances of these best terms in the entire document collection
will be counted, and written next to the terms id in another file.

7. Compute weights for each best term. The weight is calculated using the known formula
as:

Weight=tf * idf
where,
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tf (term frequency) is the number of times the term appears in a document.
Also, idf (inverse-document frequency) is formulated as:

idf=N/df

where,

N is the total number of documents in the training set and

df is the number of documents in which the term appears.

For normalizing the weight values, we use the logarithm function on idf. Therefore, the
final weight value becomes:

Weight= tf *log(idf)

In this phase, the classes ,,person® and ,,time"are symbolized by 1 and -1 respectively and
the terms identified as best terms of ,,person® with respect to ,,time*“and vice versa are
subject to the weight computation.

The class labels (1 or -1), term ids, and computed term weights form the weight file.

Finally, the last thing to do is to sort the weight file based on their class label and feature
(term) ids and store as for example ,,SwtWhovsWhen®. This is what is required to train
the SVM_ Light classifier.

Let“s have a look at a sample from the sorted weight file:

1 2:0.32248058871954294 3:0.1747801156704992 54:0.32248058871954294

Here, 1 is the label for class ,,person®, 2 is the feature id of one of the best features, and
0.32248058871954294 is the weight computed by tf*idf values above. The same is true
for the features with ids 3 and 54, their weights are shown next to the ids after a colon.

Training of the classifier ends up in creating the classification model when we write the
following command to the SVM_ Light tool:

svm_learn SwtWhovsWhen TrainWhovsWhen.model

Where, svm_learn is an SVM key word, SwtWhovsWhen is the sorted weight file created above,
and TrainWhovsWhen.model is the classifier model created. We will use this model when we
actually test the classifier to determine the question type of a user supplied query.
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All the steps followed to construct the classification model for classes ,,person” and ,,time* are
employed for other types. Totally, we have prepared 6 classification models for the four question
types (,,person®, ,time‘; ,place”, and ,,quantity”). This is done iteratively by changing the
parameters to form a new classifier model. It is one of the recommended ways of combining
binary classifiers to form a multi-class classifier, called ,,one-against-one™ method [23].

Let*“s go through the steps we have passed in actually classifying the users question given to the
question analysis component.

b) Testing the classifier

So far, the SVM based classifier is trained and classification models are built. Now is time to see
how a given user question is decided to fall into one of the four factoid question types (,,person®,
»time*; ,place™, and ,,quantity).

Steps:
1. Write the received question into a file.
ii.  Compute term frequencies of terms in the question file.

iii.  Using the term frequencies in step ii, compute weights for the question terms with respect
to the term document frequencies created for all the possible class combinations in
training the classifier (in step 6). And sort the weights too.

iv. By employing the generated classifier models from the training phase and the sorted
weights in step iii, call the SVM"s classify method as:

svm_classify test.data TrainWhovsWhen.model test.result

where, svm_classify is an SVM command, test.data is the sorted weight data with respect
to possible class combinations, TrainWhovsWhen.model is the classifier model
developed at the end of the training phase, and test.result is a file to hold the final
classification result.

These steps need to be repeatedly performed for all possible class combinations (six class
combinations in our case for the four classes) and a separate result file should be kept for
each iteration.

The classification result is a numeric value that shows to which question type the classifier
classifies the given question. As is expressed in the training phase, the classes are represented in
numbers. For example, the classification result of the question : "PA4¢&e PT 0197 777 £AAN?" is
shown in Table 5.4.
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Table 5.4: Classification results by SVM Light

Classes involved Classification Model | Result
Person vs Time TrainWhovsWhen 0.35049575
Person vs Place TrainWhovsWhere -0.4494484
Person vs Quantity | TrainWhovsHowM 1.0758087
Time vs Place TrainWhenvsWhere -0.68862095
Time vs Quantity TrainWhenvsHowM 0.75988091
Place vs Quantity TrainWherevsHowM | 0.96303829

Considering Table 5.4, when we see a positive result, it means the classification is into the first
class, if negative, it is to the second class. Values close to -1 and 1 are indicating the
classification is done with higher accuracy whereas, values near to 0 indicate classifications of
poor accuracy resulting in classification into an ,,unknown" class type.

In our case we have taken results more than 0.5 and less than -0.5 as decisive ones to conclude
the class type. The 0.5 and -0.5 are selected because, in the SVM classifier, absolute value of the
classification result tells us the confidence of the classifier to put the given question into one of
the classes. Hence, we need to have at least 50% of confidence in classifying.

After considering the six results, we have computed the frequency of occurrence of each class
out of the six values and the one with higher frequency is supposed to be the question type for
the given question. Otherwise, if there is no one class with highest frequency, the question type
is decided as ,,unknown®, This is the result expected when the question is out of Amharic factoid
question types (,,person®, ,.,time"; ,place™, and ,,quantity).

5.5.2 Query Generation

Once the question type is decided, the next step in question analysis is to regenerate the user”s
question in a form suitable to the subsequent components and to ensure the likelihood of finding
a correct answer from the entire system. Let™s go through the steps by assuming the users
question is “PA%sN 0Lt &/ PF LITA?

1. Remove the question mark and question particles like “?77 £QAd ?”, “9°7 PUA 107 “, and
et 215027 because, these terms do not contribute to the task of document retrieval. This
is quite similar to the stop words removal process we do for the crawled documents
before indexing.

We have removed these terms by preparing a list of such terms, checking the appearance
of any of these terms in the question, and then removing them from the question if they
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do exist. Therefore, after this step, the sample question “?assh 0t /0t T L15A?
becomes: “Phgen Nt &/,

ii.  Parsing the query terms left after the question particles are removed in the above step.
This is done by Lucene“s built in QueryParser class. The QueryParser turns readable
expression into query instance. We instantiate an object from this class by passing the
Amharic analyzer as one of the arguments and calling the parse method by sending the
remaining query terms.

As is described in the previous chapter, the Ambharic analyzer does the following
important jobs:

e Tokenizing the query terms by using white spaces, tabs, new line markers and
Ambharic punctuation marks.

e Expanding terms written in short form. Abbreviation terms in Ambharic are often

abbreviated by “/” or “.”. Therefore, we replaced these terms in the query by their
expanded equivalent form by preparing such a list for the known Ambharic
abbreviations.

¢ Removing the stop words, if they do exist in the remaining query terms.

e Stemming query terms. The remaining non-stop words from the query terms will
be stemmed to reduce them into their common form.

As a result of this step, the sample question becomes: “as¢h vzt gvet 04> as all the query terms
are stemmed into their stem form.

The most important thing is the Amharic analyzer we have employed here is the one that we
have used in preprocessing crawled documents before they went through the indexing process so
that both the query generated and the indexed documents are having similar view after going
through the same Ambharic analyzer.

The resultant query after all these steps becomes the one used for document retrieval by the
Lucene®s index searcher as it is the final step in question analysis component. But the retrieval
process needs to be initiated only if the resultant query is not null.

5.6 Document Retrieval

As Lucene s IndexWriter is to pushing documents into an index file, IndexSearcher is to popping
documents out of the index file. To get an IndexSearcher, we simply instantiate an IndexSearcher
with a single argument that tells Lucene where to find an existing index. The argument is either
of these two:
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e A string containing a path to the file,

e A Lucene Directory object (mentioning the directory we have created to store the lucene
index file while using IndexWriter; ,,C:hewindex* for example.)

So, the IndexSeracher is instantiated as:
File indexDir = new File("C:/newindex");
Directory fsDir = FSDirectory.getDirectory(indexDir, false);

IndexSearcher is = new IndexSearcher(fsDir);

Then we feed the parsed Query to the IndexSearcher.search(). The return is a Hits object, which
is a collection of Document objects for documents that matched the search parameters. The Hits
object also includes a score for each Document, indicating how well it matched.

Hits hits = is.search(query);

is.search(Query) returns a "Hits" object, which is like a Vector, containing a ranked list of
Lucene Document objects. These are the same Document objects we fed into the IndexWriter,
but specifically the ones that matched our search.

By this, the document retrieval from the Lucene index is over. Now, we have the documents
related to the user query and are found in the Hits object. It would have been enough for a search
engine to return these Hits back to the user.

5.7 Answer Extraction

As explained in the previous chapter, pattern based matching technique combined with a
proximity measurement between query terms and candidate answers is our approach in
extracting answers from candidate documents.

Steps:

1. Acquire the expected answer type from the question analysis sub component and employ
different pattern matching techniques according to the types.

ii.  Extract candidate answer terms by applying the pattern matching technique for the
question type in focus. If the expected answer type is ,time” or ,,quantity”, we have a
regular expression to filter out candidate answer terms matching with the ,time™ or
»quantity™ expression from candidate documents. And, if the expected answer type is
»person™ or ,.place™, we extract candidate answer terms matching with the list of person
names or place names from the candidate documents. We do this for all candidate
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documents in the Hit and put all these extracted candidate answer terms into a hash map
for future processing.

iii.  Filter the Hits based on their relevancy. Relevancy is decided based on the number of
query terms found in the document. We used the criteria in Figure 5.5 for relevancy of
documents.

Boolean relevantdoc=false;

if (qwordcount==QueryTerms)
relevantdoc=true;

else if (QueryTerms<3&&gwordcount!=QueryTerms)
relevantdoc=false;

else if (QueryTerms<=6&&gwordcount>=QueryTerms/2)
relevantdoc=true;

else if (QueryTerms>=7&&gwordcount>=QueryTerms/3)
relevantdoc=true;

else
relevantdoc= false;

Figure 5.5: Algorithm to determine document relevancy

QueryTerms is the number of terms in the query, and qwordcount is the number of query
terms found in the document.

If gwordcount is less than 3 terms, all of them must be found in a document so as to
consider the document as relevant. If gwordcount is between 3 and 6, at least half of the
query terms must be found in a document to be considered as relevant. If the terms in the
query are 7 or more, at least, 1/3 of the terms must be found in the document to be relevant.
Irrespective of the number of terms in the query, if all of the query terms are found in a
document, the document is considered relevant.

iv.  Compute proximity of candidate answer terms within a document (extracted in Step ii) to
the matching query terms found in the document. We then pick the nearest term as a
selected answer from the document in focus. This is done for all the top n Hits returned
from the document retrieval component. Figure 5.6 shows the answer selection algorithm
used to pick selected answer from relevant documents.
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For all relevant documents

Step 1: Identify the query terms with a minimum distance to other
query terms in the document.

Step 2: Compute distance (number of characters) between each
candidate answer and selected query terms in Step 1.

Step 3: Pick the candidate answer term with the smallest distance as
the selected answer from the document in focus.

Step 4: Give weight to the selected answer based on the number of
query terms found in the document as:

Ifl(qwordcount>(3/4*QTerms))
weight=qwordcount*10
else if(qwordcount>(2/3*QTerms))
weight=qwordcount*8
else if(qwordcount>=(1/2*QTerms))
weight=qwordcount*4
else if(quwordcount<(1/3*QTerms))
weight=0
Step 5: Put the selected answer and its weight into a hash map.

Figure 5.6: Answer selection algorithm

For all the documents considered relevant (decided in step iii), the answer selection
algorithm in Figure 5.6 starts by identifying query terms (which might appear more than
once in a document) which are close to other query terms in the document. This is useful
for selecting the query terms in the document that will be used as a benchmark from
which the distance for candidate answer terms is measured. Specially, in a relevant
document having query terms appearing more than once, it would be difficult to measure
the closeness of the candidate answer terms to such a query term unless one of the
repeated query terms is chosen for this task. This is done by checking the proximity of
the repeated query term to other query terms and the one with highest proximity will be
picked to represent the repeated query term.

In Step 2 of Figure 5.6, the distance between the selected query terms and candidate
answer terms will be measured. And then, in Step 3, the candidate answer with the least
distance will be labeled as the selected answer for the current relevant document.
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To simplify ranking of answers selected from the relevant documents, in Step 4, we
compute a weight for each relevant document's selected answer based on how much of
the terms in the query are present in the relevant document. The selected answer and its
weight will then be stored in a hash map to be used in the next step.

v.  Pick the top n selected answers with the highest weight from the hash map (constructed
in Step iv). This is the list of answers finally to be returned to the user. Here, we picked
the top 5 answers in our case.
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Chapter Six - Experiment

6.1 Crawling Evaluation

We have used the JSpider crawler for crawling and downloading web pages from the given seed
URLSs. As an example, let™s see its performance in crawling the website of Ethiopian Radio and
Television Agency (www.erta.gov.et).

The crawling was running in an ordinary PC in the computer lab (2.6 GHz speed, 3 GB RAM)
and the Internet connection was the usual intermittent connection.

The JSpider*s final statistics after running for about 55 minutes reveals the following:
2969 — Visited URLs of which:

2188 — Parsed URLs

781 — Parse Ignored URLs

The crawler has an efficiency of crawling and downloading about 40 pages per minute.

6.2 Language Identification Module (LIM) Evaluation

The Language Identification Module (LIM) is trained with the universal declaration for Human
rights (UDHR) document prepared in Amharic with UTF-8 Unicode encoding and other purely
Amharic content pages.

The LIM, by default, is trained with 322 world languages. Once after we have trained it with the
above document for Amharic Language, the LIM is able to identify documents quite perfectly
and return results with the list of languages (scripts) which are related to the contents in the test
document, expressed in percentage as shown in Table 6.1.

Table 6.1: Part of the Language Identification Module Identification

output
Language | Script Encoding | Total | Matched | Percent
Ambaric Ethiopic | UTFS8 2490 | 1780 71.49%
English Latin Latinl 2490 | 146 5.86%
Guarani Latin Latinl 2490 | 144 5.78%

Table 6.1 shows the top three rows of the identification output for a certain document having the

majority of its content written in Ambharic. The test document under consideration has a match of
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1780 characters out of the total 2490 found in the document (71.49%) to Ambharic, 146
characters out of the total 2490 characters (5.86%) to English, 144 characters out of the 2490
(5.78%) match to characters in Guarani language, and so on. This is due to the similarity of the
characters found in the document and the characters found in the training document which was
used to train the language (script) identifier for these languages. Therefore, its performance is
quite dependable as it is merely based on the content of the test document.

We have tested the identifier for 6257 html pages with crawled and downloaded from Addis
Admas and Ethiopin Reporter Amharic news sites. It has identified with 100% accuracy.

But, given web pages with majority of its contents written in other Ethiopian languages which
use the same character set as Ambharic, the identifier will also classify them as an Amharic one
since they use the same Geez alphabets. This might not be a major problem for us since the
Language (script) identification is done after the pages are downloaded by supplying seed URLs
which are believed to contain majority of Amharic contents only.

Even if the supplied seed URLs have a document written in Tigrigna or other Ethiopian
languages using the same character set as Ambharic, it would be filtered out by using the most
commonly used stop words list in Amharic to further deny documents written in other languages
from being identified as Ambharic.

6.3 Question Classification Evaluation

The SVM based automatic question classifier was used to classify user questions to one of the
four Amharic factoid question types (,person®, ,time®, ,,place®, and ,,quantity*). As we have used
the one-against-one implementation of the binary classifier to classify into the four classes, we
need a total of 6 classifiers trained and tested (i.e., n (n-1)/2 classifiers) in a single experiment,

where n=number of classes, hence 4.

While evaluating the performance of the question classification, we have followed a 10-fold
cross validation technique. In this technique, ten separate experiments are done by reserving one
tenth of the data (120 questions) for testing and using the rest of the data (1080 questions) for
training the classifier in each experiment. We have used 6 classifier models in a single
experiment, resulting in a total of 60 models in the ten experiments.

By supplying 30 test questions from each class, we have recorded the performance of the
classifier in each experiment and then took the average of the ten experiments to report the actual
performance of the question classifier in each of the four question types.

While training the classifier models in each experiment, the SVM Light classifier's learning
procedure has identified the available support vectors, the error, recall, and precision of the
classifier models being developed.
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Table 6.2 shows the average performance of these classifiers to classify any given question into
one of the two classes used to construct the classifier model, as is displayed in the summary of
the SVM_ Light“s learning procedure.

Table 6.2: Average Performance of classifier models

Classifier Number of Support Error
Name Vectors Found (in %)
Person Vs Time 344 1.85
Person Vs Place 339 6.50
Person Vs Quantity 334 1.28
Time Vs Place 324 2.11
Time Vs Quantity 358 2.81
Place Vs Quantity 322 1.55

As it is shown in Table 6.2, the largest error observed is 6.50% which appears in the ,,Person Vs
Place™ classifier. This is due to the similarity of ,person®and ,,place* type questions found in the
training set. In formulating questions of type ,,person”and ,,place”, there are key terms we use in
both types as we used to ask questions like:

“What is the capital city of Ethiopia?” (“CA¢-&¢ PT hrt97 997 £0AA?") — Place type, and
“Who is the Minister of Ministry of Health?”(“¢m.s 0% TLL0EC “L20HC 977 £0AN?")- Person.

We mostly use the term ““77” in both cases. That is the main Support Vector which is found in
training examples of both classes and making this much error.

While testing the SVM classifier models, we have used 30 test questions known to be in each of
the question types but not used to train the classifiers in each experiment. The average test results
are shown in Table 6.3.

Table 6.3: Question classification average test results

Question Type Correctly Classified Wrongly Classified
Person 28 (93.3%) 2 (6.7%)
Time 29 (97.0%) 1 (3.0%)
Place 28 (93.3%) 2 (6.7%)
Quantity 28 (93.3%) 2 (6.7%)

As Table 6.3 shows, 28 out of 30 Person, Place, and Quantity questions are classified in their
correct classes while 29 out of 30 Time type questions are classified in their correct class. From
this, we can say that we have acquired a classification performance from the SVM classifier
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giving 94.2% accuracy on average. Sample questions and classification results from one of the
experiments are attached in Appendix A.

We have also performed the 10-fold cross validation to check the performance of Seid Muhie®s
[4] rule based question classifier by employing the test questions we used to test our classifier. It
has shown a good classification performance on Person, Time, and Quantity question types but
worst in correctly classifying Place question types. On average, the rule based question classifier
has classified 86.9% of the questions correctly. Besides the advantages of employing machine
learning based classifier over the rule based one, we observed that the classification performance
of the rule based classifier is less than that of the SVM based classifer.

6.4 Document Retrieval Evaluation

The document retrieval component can return all the documents which contain any of the query
terms as long as the query terms are written in the same spelling as that of the terms found in the
indexed documents. We have proved this by cross checking the documents which are returned by
the document retrieval component against the original documents containing the query terms.

The Amharic stemmer that we have used in the indexing could decrease the document retrieval s
performance because of the way it stems certain words like (“?0¢”, “0&”, & “0C7), (“Zh” &
“4ha”), and (“00” & “07”). For example, the stemmer gives a stem word “Zh0” for both “Fha.”
and “2ha”. So, when we use one of such terms in the query, the document retrieval module
would have returned documents containing other terms with similar stem as the term we used in
the query.

But not all of the documents retrieved are relevant for our case. The decision on relevancy of a
retrieved document is presented in section 5.7 which decides a retrieved document as relevant or
not based on the number of query terms found in the document, the more query terms it contains,
the more likely to be relevant.

Also, as document retrieval is done next to the question classification task, the above problem
created by the stemmer is not likely to happen because the given query should be classified into
one of the question types before invoking the document retrieval component. Hence, for
example, giving single term queries using terms like the above ones would end up in returning a
“ePCH ATLEP avAh ANTTTI®” message and the system halts before calling the document
retrieval component as it couldn®t classify the question into one of the four question types. Figure
6.1 shows the screen shot of the system answering a single term question “Z-h(”.
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Figure 6.1: Screen shot of answering single term questions

Therefore, the document retrieval component is returning all documents relevant to our case and
we pick the top 5 relevant documents for further processing with the answer extraction module.
But, as we don“t have used synonyms of the query terms, here relevancy of a document doesn*t
take into consideration the documents containing synonym terms.

6.5 Answer Extraction Evaluation

The answer extraction component is the one responsible to extract candidate answer terms from
the relevant documents, and select the best answers out of the candidate answer terms in each of
the top 5 relevant documents.

For “Person” and “Place” question types, we have used a list of person names and a list of place
names respectively and for “Time” and “Quantity” question types we have used a regular
expression to extract “Time” and “Quantity” terms from the relevant documents.

Let“s see first the performance of the above two answer extraction approaches used to return
candidate answers and then we will evaluate the efficiency of the best answer selection method.

We used the common performance evaluation concepts in information retrieval, precision and
recall. Precision is the fraction of retrieved instances that are relevant, while recall is the fraction
of relevant instances that are retrieved.

Therefore, in the answer extraction, precision is the fraction of extracted candidate answer terms
that are relevant to the question type in focus. It is formulated as:
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Extracted AND Relevant

Precision =

Extracted

Recall is the fraction of the extracted candidate answer terms that are relevant to the question
type that are successfully extracted. For example, when the question type is ,,Person®, it shows
how much of the relevant person names are successfully extracted from the candidate

documents. Hence, it is formulated as:

Extracted AND Relevant

Recall =

Relevant

Table 6.4 shows evaluation result of candidate answers extraction For “Person” and ‘Place”

question types.

Table 6.4: Precision and Recall of answer extraction for Person and

Place Question Types

Question Type Precision Recall
Person 55.7% 77.5%
Place 62.8% 68.3%

As Table 6.4 shows, the precision and recall of extraction of answer terms for “Person” types is
55.7% and 77.5% respectively. While “Place” types show 62.8% precision and 68.3% recall.

This low performance is due to the following reasons:

e Ambiguity of Amharic nouns as they can also be used as verbs and adjectives. For
example, person names like “A0é-”, “ao”, “ap/ 1, and “H42” can also be used as verbs
and adjectives. Person names are also interchangeably used as place names like school
names, town names and so on. For example, the screen shot of the system in Figure 6.2
shows that the correct answer selection is affected due to the selection of the term “nae”,

which is not actually a name in the context of the document; in the document, the term
“nag” appears in the sentence “¢01¢5 du-6F 07194+ NPG aPAas NAL (L4 PANTT AT 107,
This wouldn“t have been a problem in the presence of a part of speech (POS) tagger.
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Figure 6.2: Screen shot of a wrong answer due to ambiguous names

While calculating the distance for the extracted answer terms, the system has the
following results showing extracted candidate answers together with their distance from
query terms in the document in focus:

{e@ =2507, 9P0&7T A% =391, ANrk =1569, ovalt =1301, @a&? =177, Luvr =3051,
nag =59, Jgdéh =1917, L£n =3197, a1 =1539, A%OH ANQ =281}

So, as the system only takes a single answer from a relevant document in focus, the
correct answer “orpig7” would have been picked as an answer if the term “nag” were not in
the list.

e The person names list we have prepared mostly contains Ethiopian nouns. Hence, a
document containing person names used in foreign countries wouldn‘t be extracted. For
example, Figure 6.3 shows a screen shot of the system giving a wrong result due to the
absence of foreign names in the names list we used in the system.
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Figure 6.3: Screen shot of a wrong answer due to absence of foreign
names

Here, the top ranked relevant document has the following two sentences which are used to
determine the selected answer:

“OAe @ PI°Com, @-LLC ATINIE kT &/ C BT AAGSN TN WO 07 LavEavs 0P (At APaPINC P1PA::
0A%0 AN AL+ PAGSN 0Lt PaPsPTF T0%E hch@ h9P0 8 7 2004 4.9°. AOF AT(LE (TLLID- HA
ANA0 AAPePINCTE POIG-T &[C BT 97T hI°A 10 7 2004 4.9°. PA a0hA LXIPPA::”

Including the non Ethiopian name “t+%” in the names list would result in the 1* ranked answer to
be “He7” than “A&0 ANO”. But, it is not easy to include all non Ethiopian names in the names list.

For the “Time” and “Quantity” types of questions, the answer terms extraction performance is
shown in Table 6.5.
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Table 6.5: Precision and Recall of answer extraction for Time and
Quantity Question Types

Question Type Precision Recall
Time 71.1% 78.9%
Quantity 59.7% 87.3%

As is shown in Table 6.5, the precision values are 71.1% and 59.7% for Time and Quantity types
respectively. This is due to the interchangeability of numeric terms like years in the regular
expressions used to extract candidate answer terms of Time and Quantity types.

In general, on average, extraction of candidate answer terms from relevant documents has a
precision of 62.3% and a recall of 78%.

The final task of answer extraction component is selecting the best answer from candidate
answer terms in each relevant document. This task would be highly affected by the performance
of the candidate answer terms extraction task since the nearest candidate answer to the query
terms would be selected as the best answer as discussed in Section 5.7.

We have used 100 test questions (25 from each type) prepared from the indexed news documents
to test the answer selection performance of the system. We found out that the answer selection
task has the accuracy of 77% on average for the four question types. While our system returns
top 5 answers to the given question, most of the correctly answered questions we have used in
the test have answers in the first three ranks. Figures 6.4, 6.5, and 6.6 show screen shots of the
system returning the correct answer in the 1%, 2™ and 3" ranks respectively. The 100 test
questions, their expected correct answers, the list of returned answers, and the ranks of correct
answers returned by the system are shown in Appendix B.
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Figure 6.4: Screen shot of the system returning a correct answer 1in
the 1°° rank
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Figure 6.5: Screen shot of the system returning a correct answer 1in
the 2" rank

Figure 6.6: Screen shot of the system returning a correct answer 1Iin
the 3' rank
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Chapter Seven - Conclusion and Future Work

When users need for a certain fact and try requesting search engines for it, they get back a bunch
of addresses and snippets which are ,,related* to their need and it is up to the user to decide which
address to choose expecting that the requested fact could be found there. Opening the address
could present the user with lots of pages of information and it is the user*s duty to go through the
information and extract the actual fact. This is how ordinary search engines help users in need of
facts. What they do is accept the users™ query, search documents in their repository which
contains any of the words in the query, rank the retrieved documents and present to the user with
title of the page, a snippet, and address (URL) of the page included in the response.

With the help of natural language processing, the information extraction is performed
automatically and the user will be presented with the list of answers believed to fulfill the users*
request. Most importantly, the users will be more pleased if the computer serves their fact
inquiry needs like human beings i.e., if they could be able to communicate with the machine as if
they are talking to someone else using their own natural language. This is the task of Question
answering systems like ours.

Question answering systems could use preformatted corpus or crawled web documents as a
search space or they may incorporate third party search engine tools to send their request to and
work on the search results to extract the necessary fact.

7.1 Conclusion

The web based Amharic factoid question answering system has two major parts, the search
engine part and the question answering part.

As the corpus used is gathered from Amharic web sites, we used a crawler to download pages
from these sites. Then, the downloaded pages will go through an identification phase to filter out
non-Ambharic content pages from our search space. This is the language (script) identification
phase. The Amharic documents are then indexed in a way to facilitate information retrieval later
in the system. When the search space is ready, then the question answering part will start playing
its role serving the users.

The question answering part has three main components, namely, question analysis, document
retrieval and answer extraction.

The question analysis component takes in user”s request, identifies the type of fact the user needs
as person, time, place, or quantity. This is called question classification and it is done in a
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machine learning (statistical) approach. Furthermore, question analysis component regenerates
user's question to make it suitable for getting better result out of the document retrieval phase.

Document retrieval is the component which receives generated queries from the preceding
question analysis component and looks for documents containing information related to what the
user has asked. This searching is made in the index directory containing indexed documents.
When relevant documents are found, they will be ranked and returned to the answer extraction
component.

The answer extraction is a component responsible to dig out the fact which is believed to be an
answer to the user™s question and to return these facts in a certain order back to the user. While
trying to extract facts from relevant documents, the type of the question the user posed is of great
importance as extracting name of a person from the documents wouldn“t be of any use to the
user looking for name of a city.

The first thing that we use is to prepare the search space containing Amharic web pages
downloaded from known Ambharic news sites. This is done by customizing the open source web
crawler, JSpider. We then identified pages containing majority of their content written in
Ambharic language and put into our final repository. This is possible using another open source
tool called Language Identification Module (LIM). Documents passing the identification process
are indexed and made ready for a document retrieval process using the known open source tool
called Lucene. Hence, the document retrieval is an index searching process.

For natural language processing applications such as question answering, the importance of other
fundamental language processing modules like part of speech tagger (POS), named entity
recognizer (NER), and stemmer is unquestionable. With the absence of these such modules in
Ambaric language, Seid Muhie [4] has designed the first Amharic factoid question answering
system using a rule based approach employed in the question analysis component resulting in
89% of correct question type identification; as is reported in [4]. The system had also a
performance of 97% in retrieving related documents. Using a gazetteer in place of the named
entity recognizer and a regular expression, the researcher has reported a 72% overall system
performance in correctly answering user questions.

This work of ours aims to apply a machine learning approach to the question analysis component
hoping to improve precision of the question classification task in question analysis, whose
accuracy impacts the accuracy of the entire system.

With application of a known machine learning based classification algorithm, support vector
machine (SVM), we attained an accuracy of 94.2% in question classification.

Besides, we tried to incorporate a web crawler in our system to help automatically gather web
documents and prepare a search space. With the integration of the JSpider based web crawler, we
are able to download Ambharic content pages from known Ambharic news sites and keeping the
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crawling process active while periodically running the language (script) identification and
indexing processes would enrich our search space resulting in the likelihood of answering
Ambharic factoid questions.

The top 5 relevant documents are used in our system. Therefore, among the top hits returned by
the document retrieval component, the top 5 are believed to contain much of the query terms and
have potential to contain the correct answer.

Extracting correct answers, given relevant documents with the potential to contain correct
answers, requires extracting candidate answer terms from documents and picking up one best
answer among the candidates which is closer to the query terms in the document than other
candidate answer terms. Our system®s precision in extracting candidate answer terms from
relevant documents is 62.3% on average for the four question types. This is mainly due to the
absence of part of speech tagger and named entity recognizer which could have helped a lot for
identifying the part of speech where a term is used in a sentence and named entities found in the
document. But, the selection of best answer out of the candidate answer terms is done by
computing the character distance between candidate answers and query terms in the document.
In this regard, our system is able to pick out 77% of answers correctly.

7.2 Contribution of the work

Besides the modifications done in improving the efficiency of algorithms used in the previous
Ambharic factoid question answering system [4], we have following contributions:

e The study has implemented question answering techniques used in other languages.

e The study has integrated a search engine component with that of a question answering
system for enriching the search space.

e The system has customized different open source tools to make a functional prototype.

e The system has implemented a machine learning based automatic question classification
which simplifies the task of working on other question types other than the four factoid
question types studied here.

e The study is designed to be a web based application which gives end users with a web
based interface for interaction with the system.

e The study has identified important natural language processing tasks which could
improve the performance.
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7.3 Future work

There are fundamental natural language processing tasks which not only improves the Amharic
question answering system but also serve as a pillar in getting the best out of Amharic based
natural language processing applications.

Next is the list of tasks we recommend to be done in future for improving the performance of
Ambharic question answering system.

Experimenting how the automatic question classification could perform using machine
learning algorithms other than Support Vector Machine (SVM). For other languages,
SVM yields a best classification performance than other machine learning algorithms like
Naive Bayes, Neural networks, and decision trees [11, 24, 37]. Though we believe the
same could happen in Amharic question classification, we didn“t make experiments. So,
we believe it is worth experimenting and use other algorithms for the question
classification task if it turns out to outsmart the SVM one.

Working on other question types. Our research aims in answering factoid questions of
type “Person”, “Place”, “Time”, and “Quantity”. But there are other question types like
“Definition”, “List”, “How”, “Acronym”, and so on. So, we believe they are potential
concepts for research in having a full-fledged question answering system.

Implementing the question answering system in areas like organizations® user support, in
online education systems, and so on. We believe the question answering system could
help in automating such application areas and serve with a good performance towards
answering the four factoid questions types.

Improving the Amharic stemmer. The stemmer has an important role in natural language
processing applications like ours. But the Amharic stemmer we have used is not of the
state of the art one. Hence, improving the stemmer will hopefully bring a plus in the
performance of such systems.

Developing Amharic part of speech tagger and named entity recognizer. Though, there
had been researches undertaken to develop such natural language applications for the
Ambaric language, to our knowledge, there are no such systems available to integrate to
our system. So, to improve the performance of a question answering system and to
support other Amharic based natural language processing applications, their role is
unquestionable.

Developing Ambharic spelling checker. In our system, if a user commits a spelling error
while posing a question, the system will blindly start processing the user request without
checking the correctness of the words in the query. So, it may probably end up
responding with a wrong answer. But, if there is such a system to check the input query
for its correctness according to the language™s wles, it will definitely improve our system.
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e Developing Amharic WordNet. Had there been an Amharic WordNet developed, it
would be easy for systems like ours to better understand the users™ intentions and return
to them with as much possible answers; taking into consideration the synonyms of the
terms in the query.
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Appendices

Appendix A

This appendix shows the 30 test questions in each of the question types and their
resulting question types as automatically classified by the SVM.

Person Question Types

{

. UANHTO PP UNN %R avHavC oT9® L4, 917 £NAN? =Person,

. MR N NIt &CPF avd P14 A@< 977 @NAN? =Person,

. PAPM bl kO GW9PF@< 977 10?2 =Person,

. PmS TN TLivEC TLLATC 977 LOAN? =Person,

. PavPavs P THAFSE PN 1AL 997 LNAA? =Person,

. P20l hAA Con aPAtS8eC 17 £NAA? =Person,

. NCP PTAT O-LLC N0 A% M PAKD ATTXCP 17 L0AA? =null,

. APRET OHAPGPIE AG NAD-T 289G A2&TEe £LLT favfaviPm- (@< 997 GFMd-? =Person,
9. N9°Ch PFOALD- Ph% EPLCH AP 917 102 =Place,

10. VAP AN 9994 FEhP TI9C £LLT A9RNP 917 IN4? =Person,

11. 9f7? Aav€avs® 1H £14. PRC ATAT 997 £0AA? =Person,

12. e he Ag oFMBem- mCrt 19775 (1997 avhhd I0C? =Person,

13. PAL (. w9 ha2P avhg-F 997 102 =Person,

14. AM4eXP7 1889 hAh 1913 Pfat8Ls THA 997 LOAN? =Person,

15. PUL6 hAA Con aoa+8LC 997 LNAN? =Person,

16. hAL9I0 Q1C ANAL aPZU& LiA. 917 §F®? =Person,

17. QaofavsPm-7 +PaFa PHA AP 997 LNAA? =Person,

18. PmPAL TLINFC aPAh PavBavse (9° 997 RNAA? =Person,

19. favfavgPm- PHTR AC® avnvt THd “17 11C? =Person,

20. UlC PtavaltFm- 997 1@-? =Person,

21. A@e€avg® 1H AiFChitn? e24m- APTF 9776 997 L0AN? =Person,

22. hOTFEo- eavgyYyt AOF (ev0d 091 F@Pm- 917 @0AN? =Person,

23. 984 fuacht T&HAYE 977 £0AN? =Person,

24 . 204 NCY7T AAd LHhCate? 0@« 0977 Havy avyeit 1@<? =Person,
25. 01986 PANLLL T&HSYE €104 917 1@<? =Person,

26. NAh92en ¢H1LNT PPLT PAlP TLHATE 997 104-? =Person,

27 . AACLKET OHPGPrE AG NAD-T 378G A1&TEe PRAT Pavfavsfm- (@< 77 §F®-? =Person,
28. NAAY® FAE AT AMMA 997 LOAA? =Person,

29. NLCA OCAT P4 PPRLAD: hALXE mPAL “LiFC 917 L0AN? =Person,
30. PULC N& O AONLEE 977 LNAN? =Person

O Joy b W

Time Question Types

{
1. k&% APt et heoE AGh aoF INC? ? =Time,
2. 9Piah 2% etoast avF INC? =Time,
3. NAFe&E Pavfavsfm- Phdh Al Nt aoF +Pavl 2 =Time,
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LN (87 MRTEY PTTT@- ovF 102 =Time,

PUICen@ MGt L@ oo YNC? =Time,

A%+ Ph&SN UANLT PS avhgf (Lt VIR avE tavl$? =Time,

PGAgP PR, avF AfPavl? =Time,

PAgsh VNSt aoF tav(lt? =Time,

9. ha%h ANa B0k etHLO®- fQ(-C avhaeC (g PEavlm- avE Y1C? =Time,
10. AhAT 899 ekt avF I0C? =Time,

11. 00 A-87 ha-97 eF1imaFo- oF 102 =Time,

12. Vg 9°&C7T WILIPFHC @@ avF I0C? =Time,

13. AhAk A9? avE +0OAS.? =Time,

14. ALY 996F7 avF %7 =Time,

15. hAd oIk UgA TICE® avF DAAN? =Time,

16. PaodpLA mCrt avF H0%L? =Time,

17. e°eC aC &CeY avF +Edav? =Time,

18. NAFeXP U ArF havE Aah aoF ShNdA? =Time,

19. PAFEEP N%P OTh ovF F2Pov? =Time,

20. 20927 MC PANST &COT ®RI® b avF fEPav? =Time,

21. QAFEEL Pavflft av(lt (W9 A@<S PHAM®- avF 10?2 =Time,

22. PAHORE BALTY QCRt eFEavl@- avF INC? =Time,

23. PAACRE ADLYT LTINS MGt PHhZLm- avE INC? =Time,

24 . a9 ao&tY hdAAL DULEPTF PECE @A AE tPmi? =Time,
25. A% ATt TG avF tddav? =Time,

26. hE ethNg PAAI® Kot 9LHC ACTAT ALOCP +hh aF P2 =Time,
27. anbh Lo7 of vre 8L+ avE YC? =Time,

28. Qh KM%Y TEHATE SPRE o 10? =Time,

29. 50F@ hovt PhGSN UNLT Pov4PTF Mh hevE hAOh ovF £h38A? =Number,
30. PAFEXe & Qth @ +avl+? =Time

O J oy U

Place Question Types

{

Auovg: 97 et vIC TIr INC? =Place,

+0ht @ Que NT@- @Y oomY L@ OFH 977 L0AA? =Place,
11998 Pavgt avyppde PINL@- O+ UIC INC? =Place,

nehed Afén lBave OYH 997 1@+? =Place,

Philht téd o 2150N? =Place,

NAAT° ClBav- OTH o+ 21907 =Place,

NAA® OFpAF APPeTrE f9otFoba- A1C 997 1?2 =Place,

NAgsh N8 a4+ +AL vIC 97 ¥F? =Place,

9. PNl N%&P hAAR av¥frt avpavery nN+o9 977 LOAA? =Place,

10. 204 49 o+ L1502 =Place,

11. PAPH @©7H oviq ¢+ 102 =Place,

12. &1 avH.$ o715 UIC “97 ¥F? =Place,

13. 0938797 QUC D97 L0 OOt AR Lot 977 £0AA? =Place,
14. fa.9°0C 14 2012 ehte? aC A1\t ooamt CEovlF A&dn®t vIC “97 v? =Place,
15. 20990, N%&E hAAR av¥it aopavery n+99 977 £OAA? =Place,

16. PANNA @<PC ANSE hCOECST OF 2150? =Number,

17. PhAAESP PS¢ 09l 997 £NAN? =Place,

18. ?2012 PfAAY® AtAthh @-&eC e+h%em- ¢+ INC? =Place,

19. ATe&P G 9°Ct? e TAh@- o+ o+ Vet 10?2 =Place,

20. Paf tha £70¢ ot 21902 =Place,
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21.
22.
23.
24.
25.
26.
27.
28.
29.
30.

PhdYe Lot NP AUTC L1502 =Place,

Pro-e-ch Fhhad a9l 977 £0AA? =null,

MAFe&e PavPavsem- A9°uct O o +110? =Place,

NAAP hetd &dvk o 279072 =Place,

PZ PS htel 917 LOAA? =Place,

haer Gae Vet vv PAR 997 1@-? =Place,

NAA® TAE EOFC Ot P 2150 ? =Place,

NAA® NFEP H PATEIST hAE PAQT nhel 997 +0AATF? =Place,
Pl Pt Kb PRTTO- NPHT@- hAd 102 =Place,

MmPAL TLIATC ULA TICPT LANTY PFOASH O+ 1? =Place

Quantity Question Types

{

O JdJoy b W

emIT A®- PAN 9°F (ATThe (1849 9°7 PUA 102 =Number,

A7 piet arh AFC 102 =Number,

RAEXP (Feéh Ao NHEF hhad® arts 4% AL 1MTATF? =Number,
ha%a A0 57 a7t e 9%HC 102 =Number,

AYINH PHOETFO- arHE @Y h9*Th 10-? =Number,

012012 PA®dn PrB NhmPAL Ot 2+ +8émé? =Number,

PN AT téd- CHavk 997 PUA 1@-? =Number,

PAH ATRAA ATPZALA 9°7 PUA 1LH LLPNFA? =Number,

Jae U480 91N Adh APt At 24BA? =Number,

. MA%0 ANQ D7 AP oo HeF 25h? =Number,

. PP O UICTF PPASHA? =Number,

. APFY MA%0 AN PHZe@- 4RI PLANG P9°CI°C TNAMF PHnZa AOTHE L
. K% U 0arF AgeFF@- 1(e? =Number,

L OPFE 97 PUA L ATIANMAT (ATT0e? =Number,

. Q7ICa han, APC @-ar ehen8e hhage aom? 9°7 PUNT LATGA? =Number,
. MAA® o0 a7t 21EPF e1et? =Number,

. 07cAaTl oat art erPPTL Tk A0AT Ak? =Number,
. PEH avem@F NCL 97 PUA NPT Ant? =Number,

. NA%sh P8 Ot AleT LAT4A? =Number,

. b0 hhga AN art h.9i. cdt Ag FIFATF? =Number,
. hCTe DarE 0ICTF D¢ FPASAT? =Number,

. AP NIPeC 97 PUA CPT AL FIFAT? =Number,

. PARRS PT N09IAL AP PUA LH $2? =Number,

. (HPL VeP AL arr LatTF 2150? =Number,

. P A0S &4E CHovt: 9°7 PUAN 10<? =Number,

. PAARES m/9UIEC OOPE AoPFFO A(4? =Number,

. P8P VeA QAN ATEEPT ANTT Goot ANt8L4-? =null,
. PA2S AFC HRT ol Pp art C 1@-? =Number,

. hA%a AN0 APA 07T e 9%C 102 =Number,

. P97 VUHO WE O7F 10?2 =Number
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Appendix B

This appendix shows factoid questions from the four question types, the expected answers for
these questions, the list of answers returned by our system, and the rank of the expected answers
in the returned answers list.

No. | Questions Expected Returned Rank
Answer Answer
Person Question Types
1 Lot PHOADT PAASL £41R 0.2.09° .2.e9° 1
Peavl@m- 977 12 Ry oS
ao(nlJ°
2 AL T A8Phe0S ATtV TCt qCcT (L4 0 3
®/APPIC 717 TFO? Ha®
aACT? (L4
AAg®
3 NAFEXE 09116 AJPAALC 77 avyav®: K 040 aoyavg: k&40 1
L0AN? NCUT
TIHA
ULATICEI® LANT
A%.0 ANO
4 OATEXE nef HOMFT TunC biezd P0G AT | A%0 AT -
TSHLYE 977 QOAN? ms
a9 A80
5 PAML PHFATO aPphG Lol 17 avyaog: ANTTY aopaog: AANTTY 1
107 AN~
Lotk
Pow-
6 PASSN ALY &CPT (Lavalt AP NEA, O8Z a4t -
PP avLPM- PG Achd, PE 917 197k
GFm-? T0h
n104-
7 PAATRE TN 4.Llli7? oWt | RR1PFO- +09T Lo PTFD- 1
Wy GFO? W
A%.0 ANO
vnge
8 099 PAFTXE APOALC “77 LOAN? | 1§h ANAS avd L) -
NCUY
T
ULATICEP® LANY
9 P07 €C et &OhT OEHE oo+ ULA avfe YRA 1
TEI® ape1G WLhnheta Vet
feontC 917 SFm<? ST hIOF@-
10 AR AOC A 48407 T8I, th hhé-o- nag -
htA TSHATE 917 GFO<? TLALT
&G +iae
av (P
11 e ¢ &488 ooact QAT ¢ R 14 ST avAn- 2
AONLEE 977 LOAN? aohH 14
avp\h
&N
12 2CTIP PRTIP A9 DOAFAN SU09% AChP SU09L AChP 1
aFALP TNC PACE APIPUC T ?an‘r‘r
2
LS0ANk 7 N
UeA NAM
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13 | ¢FPUCt TLiEC TL0TC Lhd Af FhE WAL | $A& hAGLP 1
97 LOAN? ACUY
a7y
fiavan hota
14 | fovBorcP@my FAdk ¢om (hFCREL veh MZNAG Feh -
L8 977 1NC? AOg®
AhAd
AP
avyav®: hoTy
15 PAILC TIOLF 0T SHRT PRLIM: | avhlF (VAW av-(el ) (100@- 1
97 £OAN?
16 | NA78F AAIPTLE Aste2e7 0800 avyav®: hoTy avyav®: ko7 1
TUHC 4om Ohde PTHOLLLD. 9T Fen
ym-? 4732 Ah APaA
OAL TMChA
47k
nag
17 | PATeRE BT (01 ARG “10eT | Al PAceOCP Al PATPOCP 1
TNEF e hONLEE 91T GFD-? et
nag
LT
18 P06 TSHATT 917 LOAK? avyav®: LA, avyav®: qPCA, 1
ANOF@-
19 PRILD PhFXL AIC ' hA 977 | P40 19CLO +80 1&CLO 1
£0Aad? mneo-
hav:
nag
20 | PATE&E PCT 0L A TS PT 0C | hdL 1/ P&V AL 1/ 1
ANL99L 17 ROAN? &7 Al
APt
a7t
21 CATERE NheP (L7 KAAMT 17 | 004 (LAo- A%0 ANQ 2
£0AK? a0t Ao
av-ie h9°rt
9°th
20 | PavEavseP 0t OAP: 917 LOAN? | ATIPR 1ATA ATIPL AT 1
ot
23 PAFERS OT R&NE7T TIUNC oL P PPOLT PN 1
TGHATHPF 917 HANTF? ARG
0ol AG0
A4
817
24 | 0P AT PLAT L&A AHIEG | 0t APATY P&t 1
TES2AC 717 TOANTF? Aoy
(84 a9
97 VErE
TP DLy
25 | 7T hov @i AT HAT TLLOEC | 0dht PR ncht ageA7 1
97 Sfo? 4l
A MY
98
av vk
Time Question Types
26 T PAAI° TATTT avF 2PCAN? Fvan oc Avan 1
ne64
0%
3 Akt
27 | P8 Ll OLA @V Favwlef? 2001 2001 1
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28 | A% Ar8ANF@- oYy avF tOAS? | 2103 3 7 1920 | 047 2
a1 3 $7 1920
oc
uys
TC
29 | 4GP tOL@. @F o< 1831 - -
30 | 2007 %A FAdRT GNP AP N1985 n1985 1
A AN OHPOAT ovF 107 Hé
Ahav 3t
TC
31 | APefA 11 haB? ¥ AMH WLET [ 01968 N1968 1
erPaEFm avF INC ? 2012
Hé
32 | PATXe BT 07 ALCTT 10 | 012010 02010 1
et avF tav(l? et
TC
A20 havdt
33 | Al NNX OC NPT L0 1979 1979 1
PAAGC ATPPYE PRLTTW- v @7 h1991
age vt
34 | 89% 1ML 9v@y7 avF +OAL? Wwh, 1928 Wwh 1928 1
Hé
AOC  havt
35 | Pw0-OPh okt PavBavs ke et 17 47 hA7& A7t O3A -
a’F N AL PA? 1933 ng hovt et
W, 2002
36 | ¢®F% THO, OF TOAS? n1885 TGt hakt %A 2
n1885
37 | Al¥1 &rca avF +OA%? n1885 n1885 1
Aot (1A
38 | #8912 2eAMAG. avFALe “TUNC Uh, 16 7 Uh, 16 7 1987 1
av’f dbav? 1987 naL@ Agert
22 47
h1995
havt
39 | f&mét MtoLe TI0T 0L AFPRL N1889 N1889 1
P00+ avF o7 havit-
n1843
Tt
40 | 09ATH T oA dAh ace 02016 02016 1
avf. (1o PILPIO- AV D 047
7
02003
41 AhFSh UL APorINCTE COIST VPN, 10 7 A& -
&/C W™ avF PN dOhA 4Adv? 2004
42 HoPQR AAIPTH ovF -FEavl? 1896 n1896 1
N10
43 | AL AvRevCe M NAAICTH 1956 h80o -
aatq PRl TFm avF <7 +7
Hé
n1896
44 PaTP&P ATOThO 4.2407 G0PFP | USC 22 AS USC 23 | VSC 22 1
MPAA MO PRELD- oV @2 23 7
AL
TC
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45 | e7re L PAFEXP AN gvHovC nN1919 1919 1
av’ 242 AT
7
TC
46 | 089712 Prah vaTHA PPC @O | 011941 n1941 1
PTTD MG AL hAE avF
+hRav?
47 | AVALT OAMT PPHD- avF 1< Tt 20 H28C 2
Tt 20
hav -t
hoat koo
48 | tPLPP et 0Lt AFILNFTY 1979 n1979 1
POLLTF@ oo INC? 1938
49 | aohae® ATT a0F +OAL? TC 1 ¢7 1986 AN Y -
oC
02009
50 87 (AGSh Prm APTET Urto- N1970 He,
av’f 1m-7 A28
hage 7t ngt
ag
Place Question Types
51 &7, KA 00T WIC TOHATT ALY ALY 1
CFm-7 10
Ao
52 0% M. PRYUT Ot TOAL? AP0 netel AP0 ntol 1
Ae%e
A% AP
53 | AAQ hC 9T AIC TOHATT GF@-? | 200 (87 0N (87 1
70
54 HovG® AAIPTh o+ +Eavl? (1¢h AE7h AET0 1
AR
55 205@ P90 P, T ShL8A? N ey 2
AGHA
hO-CT
L0
56 | AAhAAD e+ AIC hant PLCA. ] (V) 1
FATLe 107 A%0
A
heke
57 | PPHPALh PT hrto? 997 LOAA? EF TR 1
4h
A28
58 | 20¢f PT 9l 977 2NAN? Lo LTS 1
4h
44708
59 AR ATAThO 42407 Govd® | QUC AC ac 4C hted 1
MmPAA Tk T hEL? avpp, o]
A%0 A0
aoyavg: KoYy
60 65@ A NGHCH AFSh-ANC L0 AFh h&sh -
PO ORC O+ HnEL? AR
A28
61 77478 PT hbal 917 20AN? PCA h%.0 -
4h
62 | WA ATRET® hAIPTH P AIC £NB8A? | 4% 4 BC htl %9 4 53 Nt 1
T
4P oA
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63 | t&F% Trh ot TOAS? 789° aAQ 2
TE9°
64 Akt &rCa ot +tOAS? F atese -
PN
65 | Ph078 P nhel 977 20AN? e T4 YR TR 2
hgoTA
AP
66 | A1RTM® PP/ LP AGsh LOMPT A%0 ANO Dted A%0 ANO Dol 1
Pav-¢ QIOTET OF hE8A? 18C1L0
67 PACTENT ANSPT OCE OCAT $0C a7 00k PLAT | L 00AT PLAT 1
et é2av? hAf £ANC hAn £ANC
A%
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