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Abstract

Before the Web, organizations have been conducting a survey and people have been asking their
family, friends and neighbors for the information (factual or opinion) in order to make a wise
decision. With the growing popularity of sophisticated and advanced technologies like the Web,
the world has become a single village. It is possible to get documents expressing opinions that
are generated, propagated, exchanged, stored and accessed through the Internet. The
accumulation of vast and unstructured opinions on the web has been making information
acquisition difficult. Opinion mining is the preliminary technique towards tackling this obstacle.
It can be performed in one of the three different levels: sentence, document or feature level.
Among the three levels, feature level opinion mining is the detail and complex but has a better

advantage to meet customers and organizations need.

Although there are many feature level opinion mining models that have been developed for
foreign languages, as far as the researcher's knowledge is concerned, there is no feature level
opinion mining scheme for Ambharic language. Therefore, this study proposes feature level
opinion mining model for Amharic language by employing manually crafted rules and lexicon.
The proposed model consists of five major components that can extract features, determine
opinion words regarding identified features with their semantic orientation, aggregate multiple

opinions and generate structured summary.

Two experiments have been conducted for features extraction and opinion words determination
by using 484 reviews from three different domains. The first experiment indicated that an
average precision of 95.2% and recall of 26.1% were achieved in the features extraction and an
average precision of 78.1% and recall of 66.8% were achieved in the determination of opinion
words. The precision of the second experiment in features extraction gets lower by 15.4%
whereas the precision of opinion words determination gets higher by 1.9% and the recall of both
features extraction and opinion words determination gets higher by 7.8% and 25.9% respectively
when compared to the first experiment. Thus, our experimental results demonstrate the

effectiveness of the techniques we have applied.

Keywords: Opinion, Opinion Mining, Review, Blog, Semantic Orientation, Sentence Level,

Document Level, Feature Level, Classification, Extraction, Determination.
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Chapter One - Introduction
1.1 Background

With the growing of web technologies such as blogs, forums and various other types of social
media, it becomes possible for people to find useful information in a factual or/and opinion
forms. An opinion is a person's ideas and thoughts towards something. According to Merriam-
Webster*s Online Dictionary [21], the term opinion is a view, judgement, or appraisal formed in
the mind about a particular matter. Hence, an opinion is not a fact because it can‘t be proven. If it
becomes proven or verified later, it is no longer an opinion, but a fact. Accordingly, most
information on the web from a surfer's perspective is better described as an opinion rather than a
fact [2]. Gradually opinion on the web becomes vast and unstructured by its nature to get
relevant information that can be used in decision making process. A technique called opinion

mining has been proposed as a remedy of this issue.

Opinion Mining (OM) is a recent discipline at the crossroads of information retrieval (IR), text
mining and computational linguistics which tries to detect the opinions expressed in the natural
language texts [2]. Opinion mining, which is also called sentiment analysis, involves building a
system to collect and examine opinions about the product made in blog posts or comments or
reviews. It can be useful in several ways. It helps users to judge the success of an advertisement
campaign or a new product launch, determine which versions of a product or service are popular
and even identify which demographics like or dislike particular features. For example, a review
might be broadly positive about a digital camera, but be specifically negative about how
heavy it is. Being able to identify this kind of information in a systematic way gives the vendors
a much clearer picture of public opinions than surveys or focus groups, because what praises or

criticisms are from wide range of their customers via website.

The ideal opinion mining tool would process a set of search results for a given item, generating a
list of product attributes (quality, features, etc.) and aggregating opinions about each of them
(poor, mixed, good) [22]. Much of the research, self-identified as opinion mining, fits this

description in its emphasis on extracting and analysing judgments on various aspects of given
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items. However, the term has recently also been interpreted more broadly to include many

different types of analysis of evaluative text [12].

The field of OM is recent; as a result there are a lot of challenges to be met. According to [12],
current techniques are still primitive for opinion identification and extraction. Both sentiments
and subjectivities are quite context sensitive and quite domain dependent. The same expression
may impose different polarity for different domain. For example, a “large” mobile phone gives
negative meaning to that phone model, whereas a TV with “large” screen gives positive meaning
to users of TV screen. On the other hand, a word may indicate different opinions in the same
domain. For instance, “The battery’s life is long” the word “long” indicates positive opinion

where as “long” in “It takes a long time to focus” indicates negative opinion.

One may think that it is simple to classify and summarize opinions by using simple keywords.
The three machine learning methods (Naive Bayes, maximum entropy classification, and support
vector machines) put to use by [13] do not perform as well on sentiment classification as on
traditional topic based categorization. According to them, sentiment classification is a very

challenging research area.

People can express their opinions in different ways; some give general information while others
provide detail. And also some bounce from one product feature to another with only a brief
description while others elaborate on certain features. These factors have a particular importance
during classification of the text orientation, positive or negative. Two or more sentences may
refer to the same or different features. Similarly, depending on the user interest one sentence can
express many opinions within it. Accordingly, there are three levels of opinion mining: sentence

level, document level, and feature level opinion mining.

Sentence level opinion mining polarity determination is at the sentence level towards the target
object. There are two main tasks in sentence level opinion mining. The first is subjectivity
classification which classifies the given sentence either as subjective or objective and the second
is sentiment determination which determines the polarity of subjective sentence if it is positive or
negative or neutral. For instant, “&V T4 A°QC 1@+ / This is a beautiful bracelet”. This sentence

is classified as subjective, and its sentiment is determined as positive.
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Document level sentiment classification is concerned with classifying the document based on the
overall opinion expressed by the user or customer. All the user's review sentences are
considered. For instant, “#%& ho%s. G+ T1IC 17 €FPE  Tét LAFo9°:: /It is a beautiful
camera. However, its images’ quality is poor”. The first sentence is positive while the second

one is negative whereas the resultant polarity is neutral.

Feature level opinion mining first discovers the detailed targets on which opinions have been
expressed in a sentence, and then determines whether the opinions are positive, negative or
neutral. The targets are objects, and their components, attributes and parts. An object can be a
product, service, individual, organization, event, topic, etc. For instance, in a product review
sentence, it identifies product features that have been commented on by the reviewer and
determines whether the comments are positive or negative. For example, T¢ A0t 2AQ. PHA
1. /The hotel has good service. The target in this sentence is A1\t (Service) of the PHéd
(Hotel) object and the opinion is positive, T4 (Good). Many real life applications require
detailed analysis in order to make product improvements. One needs to know what components
and/or features of the product are liked and disliked by consumers or users. Such information is

not discovered by both document and sentence level sentiment classification.

1.2 Statement of the Problem

A website is a collection of related web pages containing images, videos or other digital assets
[15]. There are a number of Web-based services and applications that have been built using the
building blocks of the technologies and open standards that support the Internet and the Web.
Web-log or blog is one of the many applications of the web. It refers to a simple webpage
consisting of brief paragraphs of opinions, facts, personal diary entries, or links called posts,
arranged chronologically with the most recent first [14]. According to [14], most blogs also
allow visitors to add a comment below a blog entry. There are many, free and priceless, web
software that are used to create blog and other tools like visual studio, MySQL and languages
like C# with ASP scripting language. The blog can be part of companies™ website for the

collection and display of users™idea about the services or products.
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Before the web, when an individual needs to make a decision, he/she typically asks for opinions
from friends and/or families and when an organization needs to find opinions of the general
public about its products and services, it conducts surveys and/or organizes focused groups. With
the fast growing development of the Web, the number of documents expressing opinions
becomes more and more important [3]. One can post reviews of products or post comments at
merchant sites and expresses views on the Internet forums, discussion groups, and blogs. Now if
one wants to buy a product, it is no longer necessary to ask one's friends and families because
there are plentiful of product reviews on the Web which give the opinions of the existing users of
the product. For a company, it may no longer need to conduct surveys to organize focused
groups or to employ external consultants in order to find consumer opinions or sentiments about

its products and those of its competitors.

The number of opinions on the web is increasing from time to time. As a result, finding opinion
sources and monitoring them on the Web can be a difficult task. And also, in many cases,
opinions are hidden in long forum posts and blogs. It is very difficult for a human reader to find
relevant information, extract important sentences, read them, summarize them and organize them
into usable forms or to decide some thing using such unstructured information. So, there is a
need for an automated opinion mining and summarization system for these reviews. For these
reasons many researches on sentiment analysis have been done and are being undertaken for

English and other languages such as Chinese, Thai, etc [7, 35, 38].

The amount of Amharic documents on the web is increasing [4]. Nevertheless, as far as
researcher’s knowledge is concerned feature level opinion mining system for Amharic language
was not developed. Despite the fact that a document level sentiment classification of Amharic
documents was studied [1], it fails to show parts that are liked or disliked by the customer. A
positive document on an object does not mean that the customer has positive opinions on all
aspects or features of the object. Likewise, a negative document does not mean that the customer
dislikes everything about the object. In an evaluative document, a product review or service
comment, the customer typically writes both positive and negative aspects of the object although
the general sentiment on the object may be positive or negative. To achieve such detailed

aspects, feature level opinion mining is needed.
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1.3 Objective of the Study

1.3.1 General Objective

The general objective of this research work is to develop feature level opinion mining and

summarization model for Amharic language.

1.3.2 Specific Objectives
To realize the aforementioned general objective, the study aims to carryout the following specific
objectives:

a. Extensive study of available literatures on the opinion mining approaches and techniques.

b. Analysis on the general grammatical structure of Amharic sentences with the aim of

identifying and extracting features and determining sentiment.

c. Study the lexical category of Amharic language to identify constructive properties to

feature level opinion mining.
d. Construct lexicon of Amharic opinion words.
e. Create blog and text database.
f. Collect reviews for the performance evaluation.

g. Design architecture, algorithms and rules for the identification and extraction of objects™
features and opinions related to identified features from Ambharic reviews in order to

realize the proposed model.
h. Develop a prototype to demonstrate the validity of our model.

1. Evaluate the model.
1.4 Methodology

The following methods will be employed to achieve the above stated objectives.

1.4.1 Literatures review

Opinion mining related literatures from different sources such as published papers, journal,
articles and other materials will be reviewed in detail to get better understanding of the area and

to have detail knowledge on the various techniques of opinion mining.
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1.4.2 Data Processing

Hotel, university and hospital domain reviews will be collected manually for this research work.
And the following pre-processing activities will be performed by developing and adopting

existing tools in addition to manual processing:

* Data cleaning which involves removal of objective sentences, non opinion sentences,
from the given reviews. Even though opinion holders (people who provide opinion) are
expected to write their opinion regarding one or more features of the target object, they
are always free to write whatever they feel. Their reviews may not be genuine reviews
rather facts or questions which cause confusion for the opinion mining procedure and
resulting in unreliable output. For instance, &V FhAJd M4ep 1@« @Qh avdd-? / s this
chocolate sweet or bitter? This is a sentence that seeks answer and not considered as a
review. We will remove such sentences at the early steps of the process. Furthermore, we
will try to correct spelling errors by realising the intention of opinion holders. For

instance, U corrected to PP, PChO corrected to €CA, etc.

e We will collect reviews from different individuals by using the forms of appendices A, B
and C. Since we aimed to deal with the reviews that are posted on the blog, we will
develop a blog at appendix D and all manual reviews from different opinion holders will
be posted on this blog. These reviews should come together for further analysis. We will
achieve this through data integration. Multiple reviews from different sources will be

stored into a coherent text database that we will be designed for this purpose.

e Normalizing different letters of Amharic script that have the same sound, homophone

characters, while integrating the reviews, for instance we will change T and ch to U.

Moreover, pre-processed Amharic reviews will be stored into text database and then exported to
txt file format with encoding UTF-8 which is appropriate file format for the Python

programming language for further analysis.

1.4.3 Analysis of Opinion Based Amharic Texts

Since this research work will be concerned with opinionated Ambharic texts, it is compulsory to
analyze the nature of Amharic text that contains opinions. Consequently, rules and methods will

be proposed to identify and categorize opinions on the features of the objects. We will consult a
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linguistic professional for better understanding on the relationship between features and opinions

in Amharic text.

1.4.4 Create Lexicon of Amharic Opinion Words

We will create lexicon of Amharic opinion words by considering three target domains (hotel,
university, and hospital). Also some of opinion terms that were created by Selama [1] will be
incorporated into our lexicon. Each word in this lexicon will be labelled by either positive (+) or
negative (-) sign according to their basic polarity. For instance, T4/good is labelled with *“+”

while aepg/bad is labelled with “-”.

1.4.5 Design Approach

To model feature level opinion mining from Ambharic blog, rule based approach will be taken

into consideration. The rule based approach relies on handcrafted rules.

1.4.6 Selecting Tools for Implementation

The main tools that will be used in conducting this research work are: HornMorpho 2.2 software,
for morphology analysis; Notepad, for text operation; MS-Word, for document writing; MS-
Excel, for performance analysis; MySQL, for creating text database; Visual Studio 2008, C#,
ASP, for creating blog; and Python 3.1, for implementing the algorithms.

1.4.7 Conducting Experiment

Feature level opinion mining involves identification and extraction of features and determination
of the sentiments along these features and generate summary in a tabular form. Nouns will be
considered as features and adjacent adjectives will be determined as opinion words in this work.
The effectiveness of features extraction and opinion words determination will be measured using

precision, recall and F-measure.
1.5 Beneficiaries

The outcome of this research work will be helpful in the following areas:

1.5.1 Product/Service Benchmarking and Market Intelligence

The key to selling a product and quality services is responding to customers™ demands at proper

time and at the right location. Many companies spend large amount of money on market analysis
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and hire specialized consulting companies. The proposed feature level opinion mining model can

aid this effort and potentially minimize costs and increase productivity of the companies.

1.5.2 Individual Needs

The outcome of this work can be potentially used by any Internet users. The model is designed to

generate structured reviews which can be easily used by the individual for decision making.

1.5.3 Placing Advertisement in User-generated Content

The model can be used as an advertisement means when one praises a product using it.
1.6 Scope and Limitations

1.6.1 Scope

Feature level opinion mining model for Amharic language requires a number of natural language
processing tools such as sentence parser, chunker, part of speech (POS) tagger, stemmer, and so
on. Even though some of the NLP tools have been done by some researchers, they are not
publicly available to use them in our model. Having these limitations in mind, the scope of this
study will be:

» Consider Amharic syntax regarding adjectives and nouns.
» Develop Amharic opinion words for service domain.

» Design summary in a tabular form which consists of five fields such as
features/Atvteet  etamOt v, total number of opinions/mPAA  AQTEPT,
positive/a®72, negative/hdr ™ and unclassified/SatAR).

1.6.2 Limitations

Due to this and time constraint, the following are out of the scope of this research work:

Semantic and context based features extraction and opinions determination.
Determining adjective that far from the noun.

Generating Ambharic opinion words automatically.

Extraction and summarization from Amharic expressions such as “®3£® A1,71C".

Detecting and eliminating false or misinforming comments.

YV V VYV V V V

Checking the legitimacy of the opinion holder.
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1.7 Organization of the Thesis

The whole thesis is organized into Six Chapters including the current one. The Second and the
Third Chapters are about literatures review and related works respectively. The Fourth Chapter
deals with the design and implementation of our model. The Fifth Chapter focuses on the
experimental and performance analysis of opinion mining system. The last Chapter is about

drawing conclusion that comprises both summary of the work done and future works.
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Chapter Two - Literatures Review

2.1 Opinion Mining

Extraction of relevant information from vast text is a good idea in natural language processing.
Extraction of factual information is part of information retrieval (IR) while extraction of opinion

is part of opinion mining (OM).

People have found subjective sentences very important in making genuine decision. Today
millions of web-users express their opinions about many topics through blogs, wikis, chats, and
social networks. The interest that individual users show in online opinions about products and
services, and the potential influence such opinions have is something that vendors of these items
are paying more and more attention. The number of subjective sentences is increasing on the
web. This has been opening a door for Opinion Mining (OM) that has been used to extract and
summarize opinion for faster decision making. It is concerned with the identification of opinions
in a text and their classification as positive, negative or neutral. Opinion identification is more
difficult than the topic based one and it cannot be based on just observing the presence of a

single word.

This chapter mainly deals with the basic components, levels and common approaches of opinion

mining.

2.2 Basic Components of Opinion Mining

Basic components of opinion mining are: opinion holder, opinion and object [2]. An opinion
holder is either a person or organization that holds a specific opinion on a particular object where
as an opinion is a view, attitude, or appraisal on an object from an opinion holder and an object is
an entity which can be a product, a person, an event, an organization, a topic, or even an opinion
that is criticized or appraised by opinion holder. Basically there are two ways to express
opinions: direct opinions and comparison [12]. Direct opinions usually describe one object and
contain some adjectives that refer to it. For example, the image quality of my mobile phone is
good. This sentence consists of an object “mobile phone” and an adjective “good” which

modifies the image quality of mobile phone. The comparative statements mention more than one
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item and describe some sort of relation. Example: the image quality of my mobile phone is
much better than Abebe’s mobile phone. On the other hand the superlative statements mention
more than two items and describe relation of an item with the remaining items. For example, the

image quality of Kebede’s phone is best when compared to ours.

2.3 Levels of Opinion Mining

The main task in opinion mining is determining semantic orientation of a text at different levels.
The three levels that were introduced under Section 1.1 are described in detail in the following

sections.
2.3.1 Sentence Level opinion mining

Subjectivity identification is the first task in sentence level opinion mining [39]. They have
investigated the idea of creating a subjectivity classifier that uses lists of subjective words
learned by two bootstrapping algorithms: Meta-Bootstrapping and Basilik algorithms that were
designed to learn words that belong to a semantic category. According to the authors both
algorithms need seed words and unannotated text corpus as input. They have mentioned a
relevant annotation scheme that was developed for a U.S government sponsored project with a
team of 10 researchers in 2002 for the identification and characterization of subjective words in a
sentence. According to them, sentences are labelled by two classifiers: first for subjective
sentences and second for objective sentences. The sentences that are not clearly classified into
any category are left unlabelled and omitted at this stage. Both of the classifiers are based on
preset list of words that indicate sentence subjectivity. The subjective classifier looks for the
presence of words from the list, while the objective classifier tries to locate sentences without
those words. According to the results presented by the researchers, their classifiers achieved

around 77% recall with 81% precision during the tests.

Hatzivassiloglou and Wiebe [45] also studied subjectivity identification at sentence level by
considering the impact of adjectives. Semantically oriented adjectives and gradable adjectives
were used for subjectivity classification and prediction. Their work was largely exploratory

regarding interaction of different characteristics of adjectives in the prediction of subjective
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sentences. Incorporating their investigation to machine learning models for the prediction of

subjectivity was part of their plan.

Another work on sentence level is work of Kim and Hovy [46]. They have presented a system
that automatically determines sentiment words within a sentence and combining them by having
a pre defined topic. Their system works in four steps: First it selects sentences that contain both
the topic phrase and holder candidates. Next, the holder-based regions of opinion are delimited.
Then the sentence opinion classifier calculates the polarity of all opinion bearing words
individually. Finally, the system combines them to produce the holders sentiment for the whole
sentence. They experimented with various models of classifying and combining sentiment at

word and sentence levels with promising results.

Additional work on sentence level sentiment analysis was the work of Michael Gamon et al [48].
They have developed a prototype system called Pulse which has been used to extract taxonomy
of major categories (makes) and minor categories (models) of cars in order to process according
to two dimensions of information: sentiment and topic detection from large quantities of car
reviews text database. According to them, first the sentences for a make and model of car have
been assigned to clusters and have received a sentiment score from the sentiment classifier then
visualization component displays the clusters and the keyword labels that were produced for the
sentences associated with that car. Their classifier considered three classes: positive, negative
and “others”. The researchers stated that the technique they have described was simple but
effective for clustering sentences and a bootstrapping approach have been applied for sentiment
classification. Their experiment indicates that they achieved some of the best results on the
negative and “other” classes. Automatic spelling correction is the future work in addition to
identification of sentiment vocabulary and sentiment orientation with minimal customization cost

for a new domain.

The last work on sentence level opinion mining is the work of Barbosa and Feng [43]. The
researchers have proposed the use of meta-information about the words on tweets and
characteristics of how tweets are written in order to classify sentence of the tweets as subjective

or objective, and in order to determine the subjective tweets as positive or negative. Their
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approach uses biased and noisy labels as input to build the models. According to them their

solution is more effective and robust while more detailed analysis of sentences is a future work.
2.3.2 Document Level Opinion Mining

Document level sentiment classification is concerned with classifying the document based on the

overall opinions that have been expressed by the opinion holder as positive, negative or neutral.

Selama [1] has studied document level sentiment mining for opinionated Ambharic text using
general and domain specific opinion terms. His model has components such as: pre-processing,
sentiment word detection, weight manipulation, polarity classification and polarity strength.
According to the researcher, all positive sentiment terms are tagged in the lexica by ,;+* and
given a default value of +2 at run time while all the negative sentiment terms are tagged by ,-
and given a default value of -2. Before the final average polarity weight is calculated, the polarity
propagation is done which is used to modify the initial value of the sentiment terms. This
modification of the initial value or weight is done only if the sentiment word is linked to a
modifier term (negations or intensifiers). Accordingly the polarity of the review is determined by
the resultant sum of polarity value of opinion terms in the reviews. If the resultant sum is greater
than zero then the review is categorized as positive. Similarly, if the resultant sum is less than
zero then the review is categorized as negative. Also if the resultant sum is equal to zero then the
review is taken as neutral. According to him, tests on the prototype were done using movie and

newspaper reviews where the obtained result with these test data is encouraging.

Another work on document level sentiment analysis is the work in [13] which considered overall
sentiment for the classification of a document. The aim of their work was to examine whether it
suffices to treat sentiment classification simply as a special case of topic-based categorization
with two topics, positive and negative, or whether special sentiment categorization methods need
to be developed. They experimented with three standard algorithms: Naive Bayes, Maximum
Entropy, and Support Vector Machines classifications. Having movie reviews as data, they found
that standard machine learning techniques definitively out perform human-produced baselines.

However, from their experimental result they realized that sentiment categorization using
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machine learning techniques is more difficult than topic based classification. Work in [24] on the

classification of reviews was the closest to their work.

Work in [24] is also a document level sentiment analysis which presented a simple unsupervised
learning algorithm for classifying reviews as recommended (thumbs up) or not recommended
(thumbs down). The researcher considered an average semantic orientation of the phrases in the
review that contain adjectives or adverbs in order to classify a review. According to the
researcher, the semantic orientation of a phrase is calculated as the mutual information between
phrase and the word excellent minus the mutual information between phrase and the word poor.
Accordingly, semantic orientation of the review is recommended if the average semantic
orientation of its phrases is positive. The author collected around 410 reviews in four different
domains from Epinions for the evaluation and found the proposed algorithm achieved an average
accuracy of 74%. According to the researcher, two main limitations were observed: required
longer time for query processing which can be improved by computer with higher processor, and
level of accuracy for movie domain becomes down which can be improved by the combination

of proposed algorithm with a supervised classification algorithm.

Work in [44] also studied document level sentiment analysis. They have developed a
methodology for extracting small investor sentiment from stock message boards. They have
applied statistical and natural language processing techniques to extract opinion from the boards.
According to them, messages are classified into one of the three types: bullish, bearish and
neutral by using five classifiers: Naive classifier, Vector distance classifier, Discriminant-based
classifier, Adjective-Adverb phrase classifier, and Bayesian classifier. The researchers
mentioned that some of these classifiers are language dependent while others are independent.

From their performance evaluation, their idea was worth pursuing.
2.3.3 Feature Level Opinion Mining

Sentiment classification at both document and sentence levels is general; whereas feature level
sentiment analysis is the most detailed study. Being most useful it is also the hardest and the
most complex to perform. It identifies the key pieces of information that should be mined and
describes how a structured opinion summary can be produced from unstructured texts. In feature

level sentiment analysis, at least the following major tasks need to be performed [9, 10]:
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Extract object features that are commented
Identify opinions used towards these features

Determine orientation of opinions (positive/negative/neutral)

YV V VY V

Group feature synonyms and produce a summary.

Many feature level opinion mining models were proposed for different languages. Some of them

are discussed in Chapter 3.

2.4 Common Approaches to Opinion Mining

Many opinion mining researches have been done by employing different approaches. Depending
on how rules are acquired, the most common approaches to opinion mining are: rule-based,

statistical, and hybrid approaches. In subsequent sections each approach is detailed.
2.4.1 Rule-based Approach

Rule-based approach is the method that is intrinsic to natural languages. It is based on common
Natural Language Processing (NLP) methods such as part of speech tagging, co-reference
resolution, syntactic and semantic analysis of a text and parsing made by a functional and
relational analyser [41]. Rule based approach has been used to analyse the text sentence by
sentence and extracts the relationships that convey feelings by utilizing linguistic knowledge on

sentiment words and opinion related heuristic rules as clues for opinion analysis [10, 36, 37].

Turney*s work [24] is one of the earliest influential papers that used part of speech tagging to
estimate a semantic orientation of meaningful phrases in Epinions reviews. Also work in [28]
follow the same logic, used part of speech tagging, as the work of Turney [24] with the
difference that they used WordNet to define the semantic distance between the adjectives of a
text and a set of already tagged words. According to the researchers, the distance is defined as
the path length between two graph nodes. They calculated the distance of a word from both
“good” and its antonym “bad” and they proposed three measures: the evaluative measure
(“good”/“bad”), the potency measure (“strong”/“weak) and the activity measure

(“active”/“passive”).
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In rule based approach the researchers have the possibility to develop a grammar for a specific
application and to add new rules to extract the relationships which they are interested in.
Therefore, the researchers can change the extraction-rules (e.g., add rules for a new relationship),
increase/decrease the number of words in the lexicon that act on the rules, remove certain parts
of the processing, etc. There are also possibilities of the development of sentiment lexicon and

annotation of the text under rule based approach.

In the development of sentiment lexicon, the analysis of the text is based on the words in the
lexicon that have received specific features marking the positive or negative feelings. Most of the
words are verbs and adjectives but also some common nouns and adverbs. The size of the
lexicon varies depending on the domain of application. The quality of lexicon-based sentiment
classification systems depend on the effectiveness of the sentiment lexicon. Hu and Liu [10]
proposed a lexicon-based method to use opinion bearing words in the opinion mining task. They
dealt with product reviews from Websites in order to produce a summary with positive and
negative statements made for product features. They identified features such as camera size,
image, etc. by selecting the frequent words, assuming that people often use the same words to
describe features. Then they identified opinion sentences and their orientation. According to
them, an opinion sentence is a sentence that contains both feature and at least one adjective. They
have used a seed list of 30 basic adjectives. For each adjective in the reviews, they checked
whether it is in the seed list or it is an antonym or synonym of a word in the seed list. Every time
the orientation of an adjective is found, the seed list is expanded with this adjective. The
infrequent features are identified by looking for the nearest noun phrases to an opinion word.

Finally, each sentence is given the orientation of the majority of its part-orientations.

Another work that is based on lexicon of sentiment words is the work of Ding and Liu [29]
which improved the previously mentioned work in [10] by using linguistic rules. According to
them, a positive word was assigned the semantic orientation score of 1, and a negative word was
assigned the semantic orientation score of -1. The researchers have considered the distance
between feature and the opinion word. Accordingly, a low score is given to the opinion words

that are far from the feature. The work in [7] is very similar with their work.
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A holistic lexicon based approach for opinion mining was proposed in [7]. According to them,
their approach succeeded in the extraction of context based opinion words which were major
difficulties for the previous researchers. They also dealt with how to extract special words,
phrases, and a way to combine multiple conflicting opinion words in the sentences. The
experimental result from the system they have implemented showed that their approach

outperforms existing methods significantly.
2.4.2 Statistical Approach

In the statistical approach, rules are not written manually as rule based approach; rather they are
acquired from large size corpora. The statistical method is based on machine learning technique
which uses unsupervised, or/and supervised learning to construct a model from a large training
corpus. Machine learning based approaches have been used to train the machine learning based
classifiers using sentiment features such as sentiment words, word bi-grams, word n-grams,
syntactic patterns, punctuations, topic relevant features, etc. Therefore, statistical approach

begins with a model and estimates parameters of the model based on data.

Some researches have employed a supervised training approach in opinion mining [22, 25]. They
start with collecting training dataset from certain Websites. According to them, an ideal training
sample should be representative in order to get good accuracy of prediction. Also the researchers
have indicated that not properly categorized data should be labelled manually by humans. The
next step is to train a classifier on the corpus. Once a supervised classification technique is
selected, an important decision to make is feature selection. In text classification, features denote
properties of textual data which are measured to classify the text, such as word position, header
information, and ordered word list. After appropriate features have been selected, the classifier is
trained on the training dataset. The training process is usually an iterative process in order to
produce a better model. The performance of the classifier trained on the training data is finally

evaluated on the test dataset based on chosen criteria.

Work in [13] also examined several supervised machine learning methods for sentiment

classification of movie reviews and concluded that machine learning techniques outperform the
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method that is based on human-tagged features although none of the existing methods could

handle the sentiment classification with a reasonable accuracy.

Another work which is based on supervised machine learning is the work of Esuli and Sebastian
[30]. They have presented a method by assuming the terms with similar orientation tend to have
similar glosses. They have investigated on the top of SentiWordNet, work of [23]; a lexical
resource where each dataset is associated to a score describing how positive, negative or
objective the particular dataset is. The score is the proportion of a group of classifiers that are

used in order to label every dataset.

Kanayama and Nasukawa [8] proposed a method with the intention of solving the problem of
using simple opinion bearing words by expanding lexicon of opinion words automatically.
According to them, the lexical entries to be acquired are called polar atoms. They used the
overall density and precision of context coherency for successively same polarities in the corpus
and the statistical estimation picks up appropriate polar atoms among candidates without any
manual tuning of the threshold values. Their experimental results show that the precision of
polarity assignment with the automatically acquired lexicon was 94% on average, and confirmed

that their method is robust for corpora in diverse domains and for the size of the initial lexicon.
2.4.3 Hybrid Approach

Both rule-based and statistical approaches have their own pros and cons (Table 2.1). Thus, rule-
based and statistical approaches are usually combined to benefit from their synergy effect that
rises to hybrid approach. Even supervised and unsupervised learning techniques that were
mentioned under rule based and statistical approach have their own pros and cons. For instance,
according to [33], supervised machine learning is likely to provide more accurate classification
result than unsupervised semantic orientation but a supervised machine learning model is tuned

to the training corpus, and thus needs retraining if it is to be applied elsewhere.

According to [27], machine learning is subject to over-training and highly dependent upon the
quality of training corpus. In addition, with machine learning algorithm, it could be difficult to

incorporate contextual valence shifters [11].
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Nowadays opinion mining is designed by considering more approaches; one approach is not full
fledged by itself to achieve the best accuracy. Thus hybrid approach combines sentiment
knowledge, machine learning and a general linguistic framework for opinion analysis. For
instance, the work of Kim and Hovy [40] incorporated both rule based and statistical approaches.
They have presented a method that could identify opinion holders and opinion topics. In order to
achieve their goal, they have performed two tasks: first, they have colleted opinion words and
related frames by using FrameNet data. Then, they applied statistical approach for labelling
semantic roles in a sentence. Their experimental result shows that their system performs

significantly better than the baseline.

Table 2.1: Rule-based Versus Statistical

Rule-based Approach Statistical Approach

Requires linguistic expertise Not much linguistic expertise required
Training dataset is not required Large and ideal training dataset required
No frequency information Based on frequency information

More brittle and slower Robust and quick

Often more precise Generalized model built from corpora
Error analysis is usually easier Error analysis is often difficult

2.5 Amharic Language

Ethiopia is a country with diverse languages in which Amharic is the most commonly spoken
and designated working language of the Federal Republic of Ethiopia. The Amharic language
belongs to the Semitic language family. It uses a special writing system called the Ge‘ez or

Ethiopic alphabet.

One of the most cited classical works on Amharic grammar, written in Amharic, classifies the
word classes of this language as eight, Mersehazen [32]. These are preposition, noun,
conjunction, interjection, verb, adjective, pronoun, and adverb. Recent work by Baye Yimam
[31] has stated that Amharic has only five word classes. He did by leaving out interjection from
the inventory and putting together prepositions and conjunctions in one class and considering

pronouns as a subclass of nouns. Baye®s reduction of Mersehazen's classification seems to be
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based on the role of words in syntax, i.e., considering words that have clear role in Amharic

sentence grammar.

Ambharic is a challenging language for a number of reasons. It has a very complex morphology as
compared to English language. This is due to the unique nature of the Amharic language.
Ambharic language is highly inflectional and derivational that makes morphological analysis very
complex. Also, many times, writers misspell the words by accident; especially reviewers whose

Amharic is not their mother tongue use third (¥»1d\0) and sixth (A£a) phonemes interchangeably.

In Ambharic language, there are also many characters that are pronounced the same but
symbolically different, homophones. This increases the number of features going to be extracted
without any advantages. For example: 02A% and /€AY, there is no clear rule to use U or ch,

people use such characters for semantically same words interchangeably.

In Amharic language, there are many ways of writing words especially loan words, words that
are taken from other languages. For example, the word computer can be written as h9*T&+C or

hPPTO-TC.
2.5.1 Lexical Category of Amharic Language

Part of speech or lexical category of Amharic language explains how the Amharic words are
used in the Amharic sentence. Morphologically important parts of speech for this thesis work are

nouns and adjectives.

A noun is the name of a person, place, thing, or idea. According to Getahun Amare [5], Amharic
nouns are of two types: basic and derived nouns. Basic nouns are nouns that stand with their own
to give meaning. For example: (bW: aP&ti Advk: @G etc. Derived nouns are nouns that are
derived from verbal roots, adjectives, stems, compound words and nouns. Amharic nouns can be

marked for:

* Number (®7C) by affixation of morphemes or repetition of words. For instance, the
noun, “@70CF” is obtained from the combination of morphemes “@70C” and “-AF”

whereas the noun “3M7%7” is obtained from the repetition of the word “27”.
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Definiteness (A9°C'rT) by affixation of morphemes based on number and gender. Either A
or . is affixed for male definite noun and P or A/t or &+ is affixed for female definite
noun. For instance, the noun “4.4(" is obtained from the morphemes “é.40” and “-&”

whereas the noun “&ca@.” is obtained from the morphemes “&¢” and “-a.”.

Gender (#7) by affixation of the morpheme A or -A:t. Example, the noun “AZ-E” is
obtained from the morphemes such as “A%”, “-A4” and “-&".

Objective (TA(L.) and possessive (HC&) cases by affixation of the morphemes -7 and -4
respectively based on person, number and gender. The word “A%.7” is an objective noun
which is obtained from the morphemes “A%”, “-&” and “-7” whereas the word “Ag,” is a
possessive for the first singular noun which is obtained from the morphemes “A%” and “-

h,”

Adjectives are words which describe or tell us of the qualities of the nouns by being before them.

But it is not always true that a word before a noun is an adjective. It is not also true that

adjectives always come before nouns. Example: 90Fa@ 14 1@.:: 14 is an adjective which

comes after the noun °0Fa.. Adjectives are also of two types similar to nouns, basic adjectives

such as: PPV L7 9% N7 etc. Derived adjectives are derived from verbal roots, nouns, stems,

and compound words. Amharic adjectives can be marked for number, definiteness, gender and

objective case by affixation in a similar way to nouns.

Number (®TC) by affixation of morphemes or repetition of words. For instance, the
adjective, “®4F” is obtained from the combination of morphemes “Bd\” and “-AF”
whereas the adjective “ZWH9°” is obtained from the repetition of the morpheme “ZH-A-
e,

Definiteness (A9°C'rt) by affixation of morphemes based on number and gender. & for
male definite adjectives and P or As is affixed for female definite adjectives. For

instance, the adjective ““FA®” is obtained from the morphemes “ta%” and “-&”.

Gender (#7) by affixation of the morpheme -A/t+ along with the morpheme -4. Example,
the adjective “FA®E” is obtained from the morphemes such as “ta$”, “-hA+” and “-&”.

Objective (1A(L) case by affixation of the morpheme -7 on the adjectives. The adjective
“AC1@-7” 1s an objective adjective which is obtained from the morphemes “AC2”, “-@.k”

and “-7”.
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Chapter Three - Related Works

Many feature level opinion mining researches have been conducted. Though, most of them are
for English language there are also some feature level sentiment analyses for other languages.
This chapter briefly discusses some of the feature level opinion mining researches for both

English and non-English languages.

3.1 Feature Level Opinion Mining for English Language

The idea of sentiment analysis at different level was discussed by Liu [42]. The researcher
elaborated main points of feature level opinion mining. According to the researcher, feature level
opinion analysis first discovers the targets on which opinions have been expressed in a sentence,
and then determines whether the opinions are positive, negative, or neutral. The targets are:
objects, components, attributes and characteristics. An object can be a product, service,
individual, organization, event, topic, etc. For instance, in a product review sentence, it identifies
product features that have been commented on by the reviewer and determines whether the
comments are positive or negative. For example, in the sentence, “The battery life of this
camera is too short”, the comment is on “battery life” of the camera object and the opinion is
negative. The researchers noted that many real life applications require this level of detailed
analysis in order to make product improvements. One needs to know what components and/or

features of the product are liked and disliked by consumers.

Feature level opinion mining has an advantage than that of both sentence and document level
sentiment analyses. But, it is more complex and difficult when compared to the others due to the
nature of problems in feature level opinion mining. Three variables have been used in [7] in

order to understand problems in feature level opinion analysis for English language:
D - Set of reviews
F - Set of features

W — Set of opinion words towards F.

According to them, three problems were clearly identified and stated as follows:
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Problem 1: Both F and W are unknown. Then, in opinion analysis, researchers need to perform

three tasks:

Task 1: Identifying and extracting object features that have been commented on in

each review d € D.

Task 2: Determining whether the opinions on the features are positive, negative or

neutral.

Task 3: Grouping synonyms of features, as different people may use different words

to express the same feature.

Problem 2: F is known but W is unknown. This is similar to Problem 1, but slightly easier. All
the three tasks for Problem 1 still need to be performed, but Task 3 becomes the

problem of matching discovered features with the set of given features F.

Problem 3: W is known (then F is also known). The researchers only need to perform Task 2
above, namely, determining whether the opinions on the known features are positive,

negative or neutral after all the sentences that contain them are extracted.

Clearly, the first problem is the most difficult to solve. Problem 2 is slightly easier. Problem 3 is

the easiest, but still realistic.

The authors dealt with the third problem. They could determine semantic orientations of opinions
towards product features by searching, mining and summarizing these opinions. According to the
researchers, most existing techniques utilize a list of opinion bearing words which imposes major
shortcoming. They have proposed a holistic lexicon based approach for the determination of
semantic orientation that overcomes shortcomings of existing methods. They could also
aggregate multiple opinion words in a sentence. According to them, previous researchers have
considered only explicit opinions expressed by adjectives and adverbs. In their work, both
explicit and implicit opinions have been considered. Their method also handles implicit features
represented by feature indicators. These made their technique more complete and their
experimental results showed that the proposed technique performs markedly better than the

existing methods.
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Another feature level opinion mining for English text is the work of Hu and Liu [10]. Their work
can be considered as the pioneer work on feature-level opinion summarization. For feature level
opinion summarization they used their previous work [19]. The work in [19] could extract
features and opinion words toward these features. Their feature extraction algorithm is based on
heuristics that depend on feature terms* respective occurrence counts. Their method does not
need corpus to perform tasks. They used association rule mining based on the Apriori algorithm
to extract frequent item sets as explicit product features (only in the form of noun phrases). Two
measures have been developed to evaluate association rules, which are support and confidence.
According to them, item sets that have support at least equal to minimum support are called
frequent item sets. In their work, each resulting frequent item set is a possible feature. They
defined an item set as frequent if it appears in more than 1% minimum support of the review
sentences. In this approach, the algorithm does not consider the position of the words in a
sentence. In order to remove incorrect frequent features, they used feature pruning that consists
of compactness pruning and redundancy pruning. To evaluate the proposed methods, the
researchers conducted the experiment by using the customer reviews of five electronics products:
2 digital cameras, 1 DVD player, 1 mp3 player, and 1 cellular phone. The reviews were collected
from Amazon.com and C|net.com. For each product, they first crawled and downloaded the first
100 reviews. These review documents were then cleaned to remove HTML tags. After that,
NLProcessor [47] is used to generate part of-speech tags. Their system which was designed for
this purpose is then applied to perform summarization. The system has a good accuracy in
predicting sentence orientations and the average accuracy for the five products is 84%.
Accordingly, their method of using WordNet to predict adjective semantic orientations and

orientations of opinion sentences are highly effective.

The work in [19] was improved by the work in [18] by proposing a technique based on language
pattern mining to identify product features from pros and cons in reviews in the form of short
sentences. The researches have proposed this method to compare features of different objects.
According to the researchers, this is the first work that helps to choose features of different
objects by looking at the difference. They also made an effort to extract implicit features. They
extracted features from the reviews that are written positive and negative opinions separately

which is easier for the extraction when compared to extracting features from the reviews in free
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format. They implemented a prototype system called Opinion Observer. According to the
researchers, using this system the user can realize the strengths and weaknesses of each product
clearly in the minds of consumers in terms of various product features. Experimental evaluation
indicates, regarding synonym grouping, 52% recall and 100% precision as the method is very
conservative. The main problem with their simple method is that it did not handle context-

dependent synonyms.

The work in [16] extended the work in [19] by extracting features for capturing knowledge from
product reviews. In their method, the output of [19] was used as the input to their system, and the
input was mapped to the user-defined taxonomy features hierarchy thereby eliminating
redundancy and providing conceptual organization. Hu et al [19] used shallow parsing and
association rule for features extraction. Also they have identified the expressions of opinions
associated with features; they used adjacent adjectives as opinion words that are associated with
features. According to them, after identifying the frequent features the system extracted nearby

adjective as an opinion.

Another feature level opinion mining that has been developed for English text was the work of
Somprasertsri and Lalitrojwong [20]. They have proposed an approach for mining product
features and opinion words based on syntactic and semantic information. Their goal was to
develop ways that can establish a correct relationship between the product feature (the topic of
the sentiment) and the opinion word (the subjective expression of the product feature). The basic
purpose of their approach is to mine the product features and opinion words that are associated
with product features in each sentence. The researchers parsed the review sentences by using the
Stanford Parser. After that they exhaustively generated a dependency and identified a noun
phrase as a product feature candidate. For each product feature candidate in every dependency
parse tree, they searched for the related opinion words. Some adjectives and verbs may be used
for both favourable and unfavourable opinions. The researchers used Maximum Entropy model
to predict the opinion-relevant product feature relation and classifying product feature-opinion
pair using syntactic information. It is quite natural that customers will often refer to identical
product features using inconsistent or incompatible terminology. Furthermore, customers might
refer to a particular feature in different ways. For example, “memory card”, “compact flash”,

“compactflash”, “CF card”, and “memory stick” are strings for describing “removable
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memory”. To solve this issue, they used semantic information encoded in ontology. The
researchers have constructed product ontology manually by integrating manufacturer product
descriptions and terminologies in customer reviews. The root of the tree represents the product.
Subsequent sub-trees represent attributes of the product. They conducted 5-fold cross validation
on the dataset and employed the OpenNLP Maximum Entropy package as their classification
tool. To evaluate the method, the researchers used precision, recall, and F-score to measure the
effectiveness of their approach. When dealing with multiple datasets (i.e., 1250 sentences), they
adopted the macro average to assess the overall performance across all datasets. The macro
average is calculated by simply taking the average performance obtained for each dataset.
Accordingly, they have conducted experiments and compared the results with the results of the
work of in [10]. The result of their experiments showed that their approach is more flexible and
effective. Polarity determination and production of structured sentence list were not included in

their work.

The work of Popescu and Etzioni [9] is also feature level. They have developed an unsupervised
information extraction system called OPINE, which could extract product features and opinions
from reviews. OPINE first extracts noun phrases from reviews and retains those with frequency
greater than an experimentally set threshold and then assesses those by OPINE'S feature assessor
for extracting explicit features. The assessor evaluates a noun phrase by computing a Point-wise
Mutual Information score between the phrase and feature discriminators associated with the
product class. They applied manual extraction rules in order to find the opinion words. This idea
is similar to that of [19], but instead of using adjacent adjectives, they defined extraction rules to

find the expressions of opinions.

Another earlier work on the feature level opinion mining on top of English text is the work of Yi
and Niblack [50]. They have developed a set of feature term extraction heuristics and selection
algorithms for extracting a feature term from product reviews. According to the researchers
feature term is a part of relationship with the given topic, an attribute of relationship with the
given topic, and an attribute of relationship with a known feature of the given topic. In the first
step, they extracted a noun phrase with the Beginning define Base Noun Phrase (bBNP)

heuristics. Then, they have selected a feature term from the noun phrase.
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The last feature level opinion mining for English language is work in [49]. They have proposed a
multi-knowledge based approach for movie review mining and summarization. They have used
WordNet and labelled training data to generate a keyword list for finding features and opinions.
Grammatical rules between feature words and opinion words were applied to identify the valid
feature-opinion pairs. Summary in list form was obtained as an output. Their experimental

results showed that the proposed approach was effective.

3.2 Feature Level Opinion Mining for Chinese Language

Works in [38] and [34] were some of feature level opinion mining for Chinese language.

Supervised method was used for product features extraction and unsupervised method to group
the product features in [38]. The authors mainly focused on the first step; extracting product
features in Chinese customer reviews while others remain as their future work. Morphemes and
opinion words were proved to be the important components to capture the semantic similarity
among product features in the process of product features categorization. The experimental

results show that their method was effective and promising.

Supervised approach was employed for features extraction and unsupervised for grouping of

features and opinion words and also identifying hidden relationship between them in [34].

3.3 Feature Level Opinion Mining for Thai Language

Work in [35] proposed feature level opinion mining method for the Thai language. Their
approach was based on the syntactic pattern analysis of two lexicon types. The first is three
domain dependent lexicons such as features, sub-features and polar words. The second is six
domain independent lexicons such as particles, negative words, degree words, auxiliary verbs,
prepositions and stop words. Having these lexicons, they have constructed a set of syntactic rules
based on the frequently occurred patterns. According to them, their method was effective in most

casces.
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3.4 Summary

Though our work is similar with the related works as all of them extract opinions at feature level,
there are many differences between our work and the related works due to the nature of the
languages. In Amharic, most of the time a word that changes polarity comes after a noun or after
an adjective whereas in English it comes before a noun or before an adjective. For example, “not
good” would be written as “74 & &£ A 9°” in Ambharic. Also lexicon of Amharic opinion words

is totally different from any other languages™ lexicon.

The tasks that we have engaged with are similar with the tasks of problem 1 that were elaborated
under section 3.1. In our work F is not known before processing the review text and W is

determined by using predefined lexicon of opinion words.
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Chapter Four - Design and Implementation of Feature Level

Opinion Mining from Amharic Blog

4.1 Design

Identifying and extracting features, determining opinions regarding identified features,
organizing and summarizing unstructured subjective text are the most common activities in

feature level opinion mining.

Some characteristics of the Amharic language are taken into consideration for the intended
feature level opinion mining. Among these characteristics, the first one is devising a means of
identifying and extracting nouns as features by analyzing the basic nature of Amharic nouns and
the second one is, designing the way of determining adjectives that modify the nouns as opinions
by investigating major nature of Amharic adjective words. Moreover, the way of summarizing
reviews depending on the features and opinions along these features will be elaborated in this
Chapter. We have adopted the work of Michael Gasser [26] for the first characteristic and we

have created the lexicon for the second characteristic.

Apart from the language characteristics there was a simple user friendly interface or blog by
which a user feeds his/her reviews to a database and an interface through which results will be
displayed in a tabular form so that the users easily get information they need. We have designed

this blog and reviews database to meet the goal of this study.
4.1.1 Approaches and Techniques

The process of feature level opinion mining from Amharic blog takes a review as input via a
blog, extracts the features, determines the opinions, and produces a summary as an output, see

Figure 4.1.

In the field of opinion mining, the problem of identifying and extracting features and opinions
and then generating the summary can be tackled using different approaches. Some of the notable

ones are rule-based, statistical, and hybrid approaches.
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From the definitions of the aforementioned approaches and techniques, it is possible to infer that

rule based approach has an implication on the design and development of the feature level

opinion mining system for Amharic language. Therefore, the design and development of this

thesis work is based on the rule-based approach.

4.1.2 Architecture of Feature Level Opinion Mining from Amharic Blog

The general architecture of feature level opinion mining from Ambharic blog is given in Figure

4.1. The architecture has five major components, these are:

Text Operator,
Morphological Analyzer,
Feature Extractor,
Opinion Extractor, and

Feature-Opinion Summarization.

Blog J

Reviews
DB

Text Operator

A 4

Morphological
Analyzer

Feature
Extractor

Feature-Opinion
Summarization

A

\ 4

Opinion
Extractor

AA

Lexicon

Figure 4.1: General Architecture of Feature Level Opinion Mining

from Amharic Blog
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4.1.2.1 Text Operator

Since the morphological analyzer component accepts data only in text format, reviews in the
database were exported to a file in a text format. Texts read and write operations have been

performed on the text editor for further analysis.

4.1.2.2 Morphological Analyzer

We have used Michael Gasser®s HornMorpho 2.2 to analyze the reviews. HornMorpho is a
Python program that analyzes Ambharic, Orominya, and Tigrinya words into their constituent
morphemes (meaningful parts) and generates words along with their class category based on

their morphology. Figure 4.2 shows the architecture of the morphological analyzer.

Review Text

HornMorpho Analyzed Text

Y
A 4

Figure 4.2: Architecture of Morphological Analyzer

4.1.2.3 Feature Extractor

Feature extractor component takes analyzed text from the morphological analyzer component
and extracts the nouns as features.

4.1.2.4 Opinion Extractor

The objective of Opinion Extractor component is to determine opinion words toward features
that were extracted through Feature Extractor component. Figure 4.3 shows the process of

opinion words determination along with their polarity.
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Figure 4.3: Flow of Processes in Opinion Words Determination

4.1.2.5 Feature-Opinion Summarization

This component takes the output of feature extractor and opinion extractor components and
group frequent features along with their opinons. Here, frequent features are features that
occurred two or more than two times by having adjective that exists in the lexicon at the left or

right side. The threshold two was determined expermentally while analyizing performance.
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4.2 Implementation

4.2.1 Tools

The tools that we have used for prototype development are: Microsoft Visual Studio 2008,
MYSQL DB, Text Editor, Hornmorpho 2.2 and Python. The rationale behind the choice of
Python programming language is since it is an easy to learn but powerful programming language
especially for text processing in NLP applications [6]. It has elegant syntax and dynamic typing,
together with its interpreted nature makes it an ideal language for scripting and rapid application

development in many areas, particularly in natural language processing on most platforms.

In the following sections, the details starting from the user interface for the data entry to the

implementation of the Feature-Opinion summarization are presented.

4.2.2 User Interface/Blog

A blog is a discussion or information site consisting of discrete entries or posts typically
displayed in reverse chronological order by being part of companies™ website. Blog can be used
as a good place of online brand advertising of a particular individual or company. Also users can
post or view opinions via the blog regarding something. We have developed the blog using VS
2008 environment, C# language and ASP in order to help users send reviews via it, see Figure
4.4, and customers can view some body‘s reviews as a whole, appendix D, and also the

summary as well, see Figure 4.7.
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Figure 4.4: Opinion Entry Blog

4.2.3 Review Database

We have used MYSQL database for the development of text database in which users® reviews
are stored. Reviews that have been collected from three different domains were stored into the
hotel, university and hospital tables of this database. The blog of Figure 4.4 was used to send

reviews to the database for further processing.

4.2.4 Features and Opinion words Identification and Extraction

By having our early definition of the word feature and further analysis on the collected reviews,
we could realize that most features candidates are nouns. Also, we could observe from the

collected reviews that almost all opinion words are adjectives.

Examples:

. P4 P90 20 T4 is an opinion while %911 is a feature

2. 0A1 AQtGo% 1@.:: QAT is an opinion while AQteP is a feature
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These conventions led us to deal with the main problems, a way of identifying and extracting
features and opinions from unstructured Ambharic text, which need to be solved. For the
identification and extraction of features and opinions from unstructured Amharic text, we need
Ambharic POS tagger. Unfortunately, though research on Amharic POS has been done, it is not
publicly available to use. However, we succeeded to find a software called HornMorpho which
tags a noun and an adjective as a noun. We have consulted the author why did he tag the
adjective and the noun under the same class category and his response was due to their
morphological similarity. According to the author, HornMorpho is not a real POS tagger rather it
is a morphological analyzer. Hence, noun and adjective have been tagged as a noun. Though
noun and adjective are morphologically similar, they are different in their parts of speech and as
such they should be tagged accordingly. In order to overcome this issue, we have carried out the

following activities:

First, reviews have been collected manually. Then, these reviews were stored into the text
database via the blog. The reviews in the database were exported to a text file which is
compatible file format to feed it to HornMorpho. Then, the output from HornMorpho was also
kept in text file format. This is the file from which we have extracted candidate features. We
could identify and extract features from this text by using their category name labelled as a noun.

The following two rules have been used in order to identify nouns from adjectives:

Rule 1: First identify a word labeled as a noun and then looking for a modifier of this noun at
either left or right hand side by using lexicon. If there is a modifier around this noun,
this noun can be taken as a potential feature.

Rule 2: If rule one is fulfilled and this noun is frequent with threshold two, then the noun will be

extracted as a real feature and will be kept on the text editor.

The reason for checking the existence of a modifier around a noun is to ignore nouns lacking
modifier to be a candidate features; most probably these nouns are used to convey a fact and not
commented by opinion holders. For instance, flAm 9° “NAL 8 THFATF:: In this sentence,
there is no modifier around the noun “Qidm” that is derived from an adjective word “f1&\P” and
in the same way the noun “9®9M1” lacks a nearby modifier. So, these two nouns will be ignored

by the sytem. Infact these nouns may be modified by a modifier which is far from the nouns but
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this is a very rare occurance. Actually, failing to determine these modifiers may put a minor

impact on the performance of our system.

The importance of considering only frequent nouns is to identify real nouns from adjectives;
some adjectives that have a nearby modifier are going to be taken as a feature. If we fail to
ignore them by using Rule 2 above, these adjectives will be displayed to the users as being
features which degrade performance, precision, of the system. By analyzing the whole reviews
we could observe the adjectives that have modifiers are almost not frequent; often they don"t
occur more than one time. So, such adjectives could be ignored to be extracted as being features.
But the adjectives that fulfill both rules will be extracted and listed in the summary according to
their polarity in the same way to the features. On the other hand, we missed some features that
have a nearby adjective and occurs only one time throughout the reviews due to Rule 2. Hence,
recall of the system in extracting features is expected to be down. Figure 4.5 shows the algorithm

that identifies and extracts features.

BEGIN
Store reviews into the database
Export Reviews in the database to text file 1
Feed text file 1 to HornMorpho and save output as text file 2
While not end of file 2
DO
Iteratively identify words labeled as noun and save as text file 3.

Check nouns in file 3 that have nearby modifier and occur more

than two times in file 1 then kept these nouns on the buffer.

END

END

Figure 4.5: Algorithm for Features Identification and Extraction
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4.2.5 Polarity Determination and Summarization of Feature-opinions

We have developed a lexicon of Amharic opinion words. These words are general opinion words
for service domains. Employed lexicon, consists of 578 (appendix H) negative and 423 positive
(appendix I) opinion words. Among 1001 opinion words more than half are from Selama®s [1]
work and the remaining are ours. We have used this lexicon to check whether the words around
the features are opinion words or not and also to determine the polarity of words around the

features.

Opinion holders write their ideas by using opinion words, features and words that can change
previous polarity. From collected reviews, we realized that opinion holders have used these
words by putting them in different places in the sentences. We elaborate the idea by declaring

three variables as the following:

e F to represent feature
e O to represent opinion word and

e (P to represent word that changes previous polarity of the opinion word

Opinion holders mostly use one or two of the following patterns while writing their opinions

regarding some thing.

Let “1” be a counter in which i=0 indicates a place where the first feature is located. Then the

possible places of O and CP are:

Pattern 1: Reviews with O at i-1 and no CP. Example, hé& ™M 1@-:: The word at i=0 is F
which is #°91 while the word at i-1 is O which is AS%.

Pattern 2: Reviews with O at i-1 and CP at i+1. Example, A& *M h2LA7°:: The word at i=0 is
F which is #°91 while the word at i-1 is O which is Aé& and the word at i+1 is CP
which is A2249°.

Pattern 3: Reviews with O at i+1 and no CP. Example, 9t T4 1@-:: The word at i=0 is F which
is °9+ while the word at i+1 is O which is T4
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Pattern 4: Reviews with O at i+1 and with CP at i+2. Example, °°+ Aé% ~h&LAJ°:: The word at
i=0 is F which is 9+ while the word at i+1 is O which is Aé& and the word at i+2 is
CP which is A22A9°.

Patterns 1 and 2 are written according to the linguistic general rule; adjective is a word that
comes before a noun to modify it. On the otherhand, adjectives of Amharic language can come
after the definite Amharic nouns. Accordingly, Patterns 3 and 4 are created. Polarity changer
word comes after a noun as in Pattern 2 and after an adjective as in Pattern 4. If adjacent words
exist in the lexicon, these words will be determined as opinion words and then looking for their
semantic orientation. Positivity or negativity of a word implies the polarity of opinion holder on
that feature. Incorporating all possible opinion words in the lexicon has a positive effect on the
performance of the system. In real world, this is difficult but not impossible. Figure 4.6 shows
how to determine polarity of opinion words and how to summarize multiple opinions along

features. Figure 4.7 shows the sample output of our prototype.

R represents reviews from opinion holders

F represents features in R

O represents opinion word

i=0 represents initial place of F

n represents maximum number of multiple O on the same F

counter=1 represents counting number of n opinions along same F.

j=1 represents initial number of first F in R and increased to hold different F.
pc=0 represents initial value for positive opinion word

nc=0 represents initial value for negative opinion word
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BEGIN
while not end of R

DO
while counter of Fj <=n and Fj at i
DO
If word at i-1 exist in the lexicon
If word at i-1 assigned with “+”
pc € pctl
else
nc€nc+l
elseif word at i+1 in the lexicon
if word at 1+1 assigned with “+”
pc&petl
else
nc€nc+l
if word at i+2 in the lexicon
if word at 1+2 assigned with ““-”
if word at 1+1 assigned with “+”
pc<pe-1
nc€nc+1
else
pc&petl
nc<ne-1
if word at i+1 in the lexicon
if word at i+1 assigned with ““-”
if word at i-1 in the lexicon
if word at i-1 assigned with “+”
pc€pe-1
nc<ne+l
else
pc&petl
nc€<ne-1
else
pc<pe
nc€<nc
uc < n-(petnc)
counter<counter+1
END
j&<ijtl
END
END

Figure 4.6: Algorithm for the Opinions Extraction, Polarity
Determination and Summarization.
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Figure 4.7: Sample Feature-Opinion Summary
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Chapter Five - Experiments and Performance Analysis

5.1 Introduction

Every system is developed to meet some functionalities. These functionalities are evaluated to
make sure that the systems are performing effectively. Effectiveness refers to the extent a system
fulfills its objective. In the case of our prototype system, the exactness of extracting relevant
features and the exactness of determining polarity of opinion words are evaluated. Testing
environment, manual data collection, evaluation metrics such as: precision, recall and F-measure,
expermental results and discussions are all sub topics that will be discussed in the subsequent

sections.

5.2 Testing Environment

The testing has been done on a laptop computer with Windows 7 ultimate operating system, 2.17
GHz Intel Pentium Dual CPU, 2 GB RAM and 150 GB hard disk. Python 3.0 was installed and
HornMorpho, amharic text analyzer, was configured for the testing of the proposed model. Every

text file has been saved with UTF-8 encoding system for unicode characters processing.

5.3 Data Collection

Feature level opinion mining and summarization techniques are evaluated on 484 reviews
manually collected from hotel, university and hospital domains. The reason behind choosing
these domains is the availability of many willing opinion holders. Features have been manually
extracted from these reviews and the opinion words along these features were also manually
determined and classified. These reviews were collected through the forms of appendix A, B and

C. The experimental results will be discussed under section 5.4.

We have evaluated feature level opinion mining and summarization model from two
perspectives: effectiveness of feature extraction and polarity determination of adjacent words.
Nouns in each review are extracted as features. And the adjacent adjectives have been

considered as opinion words during manual extraction.
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5.3.1 Collecting Features Manually from the Reviews

The term feature throughout this paper is the prominent attribute or aspect or component or part
of the hotel, university and hospital. We have collected features manually in order to know how
many of these features can be identified by the system. It was some times challenging to identify
a word as a feature. But this problem was solved by using an adjective, T4, before the word and
if the phrase is linguistically acceptable, the word that was tested by this adjective is a feature.
For instance, T4 Agv&C. This phrase is linguistically acceptable. Therefore, the word Aeeé-C
could be taken as a feature. In contrast to this, let us take the phrase 74 UHA®. This phrase is
linguistically unacceptable. So, we could not take the word ¥HA® as a feature. Accordingly, we
have collected features manually from three domains as it was shown in the appendices E, F, and

G. Table 5.1 shows number of features that was extracted manually from the three domains.

Table 5.1: Number of Features Extracted Manually from Different

Domains
Domain Number of Reviews | Total Number of different Features
Hotel 204 46
University 180 48
Hospital 100 44

These features will be compared with the number of features identified by both basic and full

prototypes whose results are depicted in Table 5.3 and Table 5.4 respectively.
5.3.2 Determining polarity of adjacent words manually

When we say opinions along features we mean that the adjacent adjective, either to the left or to
the right, of the identified features. During manual collection, we have considered only adjacent
words that means not all adjectives were collected. These adjacent words were determined as
opinion words along with their polarity. The number of manually determined opinion words have
been checked against the number of opinion words that were determined by the system in order

to see performance of our model in the determination of opinion words.
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Proposed system have been consulting the lexicon in order to classify adjacent words along
identified features under A%73 or AcJ or fitA%. Adjacent words can be opinion words that
exist in the lexicon or opinion words that do not exist in the lexicon or not opinion words. The
system classifies both opinion words which do not exist in the lexicon and are not opinion words
under Pa-tAf field whereas positive opinionwords under A®77- and negative opinion words under
A, Table 5.2 shows number of manually collected opinion words that are adjacent to

extracted features.

Table 5.2: Manually collected opinion words adjacent to
identified features.

Number of adjacent words
Domain Number different
Features
Total Left/Right Both sides which are
side opinion not opinion words
words

Hotel 46 275 193 82
University 48 170 105 65
Hospital 44 108 59 49

5.4 Experimental Results and Discussion

We have used Precision, Recall and F-measure metrics to evaluate the effectiveness of our

approach.

Precision measures the number of correctly identified items as a percentage of the number of
items which are identified (see equation 5.1). In other words, it measures how many of the items
that the system identified were actually correct, regardless of whether it also failed to retrieve
correct items. The higher the precision, the better the system is at ensuring that what is identified

1S correct.
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Correctlyldentified
Identified

Precision = [5.1]

Recall measures the number of correctly identified items as a percentage of the total number of
correct items (see equation 5.2). In other words, it measures how many of the items that should
have been identified actually were identified, regardless of how many spurious identifications

were made. The higher the recall rate, the better the system is at not missing correct items.

Correctlyldentified
TotalNumberOfCorrectitems

Recall = [5.2]

F-measure is a harmonic mean evaluation measurement, which combines both recall and

precision (see equation 5.3).

2+«Precision+Recall
Fmeasure = — [5.3]
Precision+Recall

We have conducted two experiments in order to evaluate performance of the techniques we have
employed. The first experiment is based on the general linguistic rule regarding position of the
adjective words. Unlike adverbs, which often seem capable of popping up almost anywhere in a
sentence, adjectives nearly always appear immediately before the noun that they modify [5, 17].
The second experiment is based on the stated general rule and an adjective which comes after a
noun to modify it. In both experiments, context valance shifter words were considered. We have
conducted two experiments to show performance differences between two methods. This is good

for the beneficiaries to choose either the first or the second method.
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5.4.1 First Experiment

Experiment one is based on pattern 1 and 2 of Section 4.2.5. We have used reviews collected

from the three domains to evaluate this method. The prototype we have developed and applied

for testing it was named as basic system. Table 5.3 depicts the evaluation results of experiment

one.
Table 5.3: Evaluation Results of the First Experiment
Identifie | Correctly Metrics
Manually | d by Identifie F-
Perspectives | Domain Identifie | basic d by Precision | Recall | measure
d system basic
system
Hotel 46 10 10 1 0.217 | 0.357
Features University | 48 15 14 0.933 0.292 | 0.445
Extraction
Hospital 44 13 12 0.923 0.273 | 0.421
AVERAGE | 0.952 0.261 | 0.408
Hotel 193 175 138 0.789 0.715 |0.750
Left/Right
side opinion University 105 92 73 0.793 0.695 0.741
words
determinatio | Hospital 59 46 35 0.761 0.593 | 0.667
n
AVERAGE | 0.781 0.668 | 0.719
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5.4.2 Second Experiment

Experiment two is based on all patterns of Section 4.2.5. Reviews collected from the three
domains were also used for experment two. The prototype we have developed and applied for

testing it was named as full system. Table 5.4 depicts the evaluation results of experiment two.

Table 5.4: Evaluation Results of the Second Experiment

Identifie | Correctly Metrics
Manually | d by full | Identifie F-
Perspectives | Domain | Identified | system d by full | precision | Recall | measure
system
Hotel 46 19 16 0.842 0.348 | 0.492
Features University | 48 22 17 0.773 0.354 | 0.486
Extraction
Hospital 44 18 14 0.778 0.318 | 0.451
AVERAGE | 0.798 0.340 | 0.476
Hotel 193 221 180 0.818 0.933 | 0.871
Left/Right
side opinion | University | 105 118 98 0.831 0.933 | 0.879
words
n
AVERAGE | 0.800 0.927 | 0.858

5.4.3 Discussion

Table 5.3 and Table 5.4 show the expermental results for the effectiveness of proposed model in
extracting features and determining polarity of opinion words along identified features for the

hotel, university and hospital domains.

The result under experment one, Table 5.3, shows the performance of the first method. From the
experment we could observe performance of 95.2% precision and 26.1% recall in features
extraction and 78.1% precision and 66.8% recall in the determination of opinion words. From the
result, we can also say features displayed to the users are almost correct, 95.2% precision. This

means, from 484 collected reviews 38 features were identified by the basic system in which 36
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of them are correctly identified. In contrast to this, the recall of the first method in features
extraction is low. This is because of the adjectives that come after the nouns were not considered.
Around 138 features were manually identified from 484 reviews. Among these, only 36 of them
were correctly identified which means around 102 features were not identified by the proposed
method. Precision of opinion words determination is less by 17.1% when compared to the

precision of features extraction in the basic system.

On the other hand experment two, Table 5.4, shows the performance of the second method. In
the second method adjectives that come after and before nouns were considered. Polarity changer
words are also considered. From the result, the recall in the first method becomes higher due to
the features and opinion words that were ignored by the basic system could be considered by the
full system. That means in the first method there were some features that were not extracted due
to lacking left side adjective. But in the second method some of these features were extracted
because of having adjective at their right side, these features coccur two or more than two times
throughout the reviews. Accordingly, recall of features extraction in the first method, 26.1%, is
raised to 34% in the second method. In fact precision of the second method in feature extraction
i1s 79.8% which is down by 15.4% when compared to the first method. This is because of the
system that we have used, HornMorpho, which tags both adjective and noun as a noun class. As
a result some adjectives that are followed by an adjective two or more than two times could be
extracted as being features which decreases precision of the first method in the extraction of the
features. Actually this problem also exists in the first method but the probability of extracting not
real features in the second method is higher. Precision of opinion words determination increased
by 1.9% and recall of opinion words determination by the first method, 66.8%, is raised to 92.7%
by the second method.

Generally, precisions of the first method in features and opinion words determination are higher
when compared to its recalls. Precision of feature extraction in the second method is lower when
compared to the first method whereas precision of opinion determination and recalls of both

features extraction and opinion determination are raised in the second method.
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5.5 Summary

By using precision, recall and F-measure metrics, two experiments were conducted for the
features extraction and opinion words determination. Accordingly, different performances are
obtained: the second method performed better than the first. From the two experiments, we can
say that our feature level opinion mining from opinionated amharic blog is performing in a very

promising way.
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Chapter Six - Conclusion and Future Works

6.1 Conclusion

After the invention of the web, one can post reviews using blogs. But it is very difficult for a
human reader to find relevant sources, extract pertinent sentences, summarize and organize them

into usable forms. An automated opinion mining and summarization system is thus needed.

Feature level opinion mining is the process of extracting aspects or attributes of the target object,
identifying opinions along with the extracted aspects, determine their orientation and finally
summarize the reviews by grouping multiple opinions along features. These problems can be
solved using different techniques among which the hybrid of the rule based and statistical
opinion mining approach is assumed to perform better than the rule based and statistical taken

independently.

This research work came up with a design and prototype of feature level opinion mining from
Amharic blog. Our feature level opinion mining model mainly consists of five components: Text
Operator, Morphological analyzer, Feature extractor, Opinion extractor and Feature opinion

summarization.

To evaluate the performances of the systems; we have collected 484 reviews from hotel,
university and hospital domains. Then prototype of two versions, basic and full prototype
system, were developed and precision, recall and F-measure were employed to evaluate features
extraction and opinion words determination for both systems. Accordingly, 95.2 % average
precision, 26.1% average recall for the features extraction and 78.1% average precision, 66.8%
average recall for opinion words determination performances were obtained by the first method.
The second method achieves an average precision of 79.8% and an average recall of 34%
performances for features extraction and 80% average precision and 92.7% average recall for
opinion words determination performances were obtained. The results show that this study is

promising.
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6.2 Future Works

In this research, an attempt is made to design and develop a feature level opinion mining model.
Arriving at a full-fledged feature level opinion mining for the specified language is time
consuming and involves coordinated team effort from computer science or information science
and linguistic professionals that work on different levels and subcomponents. The following are

some of the recommendations for further research and improvement:

e Different papers stated that there are two types of features: explicit and implicit. We have
devoted to the extraction of explicit features. Extracting implicit features is also very

important that we will consider in the future work.

e In this work, features have been used along with their affixes. Even though it has its own
advantage in keeping the originality of opinion holders™ expression, it may increases
number of the features. Therefore, grouping the same features with multiple inflections to
a common feature and grouping semantically similar features will be part of a future

work.

e Opinion search and retrieval: Since the general Web search has been so successful in
many aspects, it is not hard to imagine that opinion search will be very useful as well. For
example, given a keyword query “Ph&\2 P2”, one wants to find positive and negative
opinions on the issue from an opinion search engine. This is a good idea to include it in

the future work.

e As opinions on the web are important for many applications, it is not surprising that
people have started to abuse the system. Opinion spam is a fake or bogus opinion that
misleads readers by giving undeserving positive opinions to some target objects in order
to promote the objects and/or by giving malicious negative opinions to some other
objects in order to damage their reputations. Detecting such spam is very important for

applications in the future work.

e In this work, we have considered nearby adjectives. In rare case, there are terms that can

modify nouns by being far from it. We will consider these terms in the future work.
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Appendices

Appendix A: Questionnaire form for the hotel domain review collection manually
A%0 A0O RzACAE
H.1C 4270 PASE PhI°TeC AL HIPUCT hed

Artd TmPoLPT e7LPA oL P

PaomeE AATT:

NA<.0 AN RZACAT NI TRHC AL TIPUCT h&d ATINFCA 9.6 I°CIPC 99990 P9LPT NATICT
Py AL, a1t PR PPEACTY AIAINCT ATTANA AS 9P287 ATIMSNC 248 H2S DIPTeA LS
PPN T FPTLPT WO TLPT AP (LOTI® Aaect 0%t 2T AELPTY AaraNAN fa.::

NPLILLe ATLLLCTAT FNNC Al AGIPAIGTAT::

? vEN TP §F?

AT19.L00 ALIPIANLFF hG AdrFahd 29010 PUPbA And/h&A AnC A PAhh £o08-A7::

AN

Parmed AHDE: hie AT MDIOTHHC ALIN FPUCT hFA P7I0HCA 4516 T916::
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Appendix B: Questionnaire form for the university domain review collection
manually

A%.0 ANO RLACA:
Ot 4270 hAET ChIPTeC AL TIPUCT hed
O+ALe LLACAALT AG hAET @At Of P777040-0 h§ AT
9. 9°A oo e

faomPk AA9Y:

NA20 AN RLOCAT NNIPTRAC 4270 FPUCT h&d ATIVECA 2.6 IPCIPC 9999, 9.7 NATICE
Py AL av(lt PR PRINCAEST AT DALT AMNINT ATTAON AS 9PL87 ATIMSNC £44 H1e:
PRLOCAES DAE TMPTLPT AOFPOT aPAf ALOTI® Aaohet NGt oL AdHEPRTT AaeaNAN
1a.::

(PLTLe ATLLLCTNT TNNC NAN AGIPAIGAT::

ALIP/ANLAF AT AdrFnhd 29710 AnC QA dPAl: LANGAT::
A

Parmed AHDE: ke AT ODIOTHAC ALIN FIPUCT hFA P7I0HCA 4.1 T916::
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Appendix C: Questionnaire form for the hospital domain review collection manually

A%.0 AN R70CA:
Ot 4270 hAET ChIPTeC AL TIPUCT hed
PTALe POTHOT AS DAL +m P,
9. 9°A oo e

faomPk AA9Y:

NA%.0 ANQ zaCAAE NRIPTRHC AT FIPUCT hed ATIVECA 2.4 I°CIPC 9999.0 P9LP7 NATICT
Py AL ot P21 PPATHMeT AT hALDT A1A90T ATANA AS aPlB7 ATIMSNC ©44 HIE
PPATFAS hALRT tnPol A0EEPT aPAf ALOTI® AaeacT ISt PTLP T AOELeT7 ATPANAA 10.:

NPLILLe ATLLLCTAT FNNC Al AGIPAIGAT::

ALIP/ANLFF AS AnthhA 29110 AmC OA PAD £o108-AT::
AN

Parmed AHDE: hie AT ODIOTHAHC ALIN FPUCT hFA P7I0HCA 4.1 T916::
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Appendix D: Sample reviews that were posted on the blog

oL PS5 16

PAm.#eL 2 F A0+ PP
[ANFP]
e ech 90 T e F o T
[~
Al
[+7]
8/17/2012 4:56:36 PM

[Adld-F 1]
T 0] Bflé-ik:: omBRE (LEF 7 68T ST PH::
[#97]
45
[+7]
8/17/2012 5:40:06 PM

[ANFP]
RED M 74 &k T To::
[2~97]
hi oo
[+7]
8/17/2012 8:54:48 PM

[Adld-F 1]
@ s PEF PAm 02 vz 99T A4 0T NAUy M9 LN 44
[#~9°]
NNN
[+7]
8/17/2012 9:51:49 PM
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Appendix E: Manual features and number of opinion words for the hotel domain

Manual Number of Left/Right Manual Number of Left/Right
Features Opinion words Features Opinion words
AdD 4 H19°+5 0
PRI 33 470 0
Aav(C 0 LT 0
¢ 13 Og°9°y 0
oq 0 h&GE 0
[ 0 PrPAT 0
TIPrLE 2 TOPD. 1
acAETF 3 ha.oet 1
2T 17 havt 0
VAR 3 s 0
GlvkerE 1 Pk 0
ACLATFa. 0 7o 38
Po 3 ICLr 1
PONTD. 3 DCET 2
AT, | 4 aong 1
0A0F 1 BT 0
ReACE 4 0 19
APYe: 1 GG T |
h&a 0 av’i 6
nq 1 Lo 1
ArCyt 0 K718 1
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Appendix F: Manual features and number of opinion words for the university domain

Manual Features Number of Manual Features Number of
Left/Right Opinion Left/Right Opinion
words words

a0~ 3 TChHC 4
LA 0 &ETeC 2
he, 7 M7 1
AT 4 YRR 4
ATPG( 5 1916 0
. 1 av3 5% 0
(%R 0 ng,PF 0
vhyeq 1 he P 1
2t 0 aFDEY 0
0542 T 3 tIuCT 1
TIUEY 18 na 0
ng 0 ArHCyT 2
LB NG 3 0z ct 0
avG g 1 4 2
HOE 7 o 2
ML 0 700 1
+nc 7 & 3
aqG 1 1NNt 0
ARA1LS 8 054, 3
ezncAt@- 5 TImshse 0
thet 1 Po 0
PLNCA Q. 0 P 0
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Appendix G: Manual features and number of opinion words for the hospital domain

Manual Features Number of Left/Right | Manual Features Number of Left/Right
Opinion words Opinion words
ax 1 DAL: 0
Ao 3 TIPUCT 0
AT 1 U g>E 0
HOg 2 HET 0
0t 5 &ptc 1
APAE: 2 a1t 3
JPCavs 1 VAT 1
vhoeq 0 POTH 4
hazh 0 arrk 1
L 2 arr0F 1
L£1tE 4 av3.8% 0
AQ-F6 0 aop\hg° 0
na-+g 0 et 0
nAao-@ 4 s 3
neEa 4 aHH 1
haveC 3 AONVE 1
Yo7y 0 a3 1
F19, 0 cad 0
AOLAT 1 HF 1
+avAA 0 TP 1
ratra 1 PO 3
4CT 3 yav-77y 0
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