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Abstract

Huge amount of data are available on the internet. Due to this, there is an increasing

interest in automatically obtaining valuable information from these data using Senti-

ment Analysis. A lot of methods and datasets are used to build models for classifying.

This project aims to develop a system that lets the user decide on what datasets and

preprocessing techniques are to be used on a Naive Bayes Classifier model.

Keywords: Sentiment analysis, Opinion mining, Text classification, Naive Bayes classifica-

tion, Bayes rule
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I. Introduction

A. Background of the Study

Human life consists of emotions and opinions that influence the way humans think,

move, and act [2]. In the past few years, data on the web has been increasing ex-

ponentially [3] and has been receiving great attention as a new source of individual

experiences and opinions [2]. Opinions about movies, products, etc. can be found in

discussion forums, social networks, web blogs, and so on [4]. A large amount of user

generated content comes from the growth of social web [5]. The online users are free

to express their feelings, impressions, and thoughts concerning certain topics in social

networking sites [1]. Huge amount of comments, feedbacks, articles, suggestions, etc.

are available on the internet [6]. New opportunities and challenges arise with the

growing availability and popularity of opinion-rich resources such as personal blogs

and online review websites [7].

Due to the easy accessibility of machine-readable documents on the web, there

is an increase in interest in methods for automatically extracting and analyzing web

documents [2]. A common concern for organizations is to be able to automatically

obtain valuable information from these data by extracting the opinion or sentiment

from a message [3].

Sentiment analysis is among the most researched topics in Natural Language Pro-

cessing which involves the extraction of subjective information from documents to

determine its contextual polarity (positive, negative, or neutral) [8].

Our decisions are sometimes influenced by the opinions of others. Before the

widespread use of the internet, we used to ask our friends about their opinion on

gadgets, appliances, books, or movies before actually making any purchase but now,

people can use information technologies in understanding and seeking out the opin-

ions of others [7]. Now we can use the internet to take comments, feedbacks, and
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suggestions of many people [6]. Consumers usually check opinions of others about a

product online when making any purchase [5].

Another way of extending companies’ customer satisfaction analysis apart from

written surveys is through gathering a large amount of data from the web. Even

though the simplest way to collect opinions is through surveys, problems on this ap-

proach emerges such as the conduct of a survey for each product, feature, or services,

the distribution and timing of the survey, and the reliance on the good will of people

that takes the survey [1].

Companies take customer feedback through their websites about their products,

its features, or services [6]. Identifying the trends of public opinion in the social media

is useful for the purpose of marketing and consumer research [8]. Though these are

helpful for both business organizations and individuals, huge amount of data are

overwhelming to users [5].

In business consumer industry and online recommendation systems, sentiment

classification is very useful [3]. It can be used to get customer feedback about new

product launches, ad campaigns, and even in financial markets [8]. From these con-

tents, manufacturers can gather insights from the customers’ sentiments about the

strengths and weaknesses of their products [5]. Examples are when reviews are an-

alyzed to decide what products they will produce to reduce risk [3], which products

or services are popular [9], and when they solve reported problems to enhance their

product qualities and discover their competitors’ product feedbacks [6]. Based on the

reviews and comments of their customers, companies can improve their products and

services [4].

B. Statement of the Problem

A lot of classifiers made are trained using different datasets that may not be of the

same nature of what the users want to classify. There are classifiers for Facebook
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statuses [1], for Tweets in Twitter [4], for movie reviews [7], and many other genres

such as restaurant reviews and product reviews. Using a classifier trained specifically

for one category may not be ideal to be used for other categories because a word may

have totally different contexts in those categories.

Preprocessing techniques to be used are also a topic of interest since not all pre-

processing techniques are as effective as they are intended to be when applied from

one dataset to another.

C. Objectives of the Study

The aim of this project is to create a tool that lets you choose the dataset and the

preprocessing methods to be used for training the model and display the model’s

performance. The tool accepts a text file input then classify its contents into positive

or negative and produce text files containing the statements classified as positive and

the statements classified as negative.

1. For training, the system shall be able to:

(a) Allow the user to browse and open a text file from the computer containing

the labeled statements to be used for training

(b) Select preprocessing methods for the model from the following:

i. Text normalization

ii. Negation handling

iii. Noise words elimination

iv. Emoticon conversion

v. Inflated or derived words reduction

(c) Train the model using the dataset and the preprocessing methods selected

(d) Compute and display the performance of the resulting model using 10-fold

validation
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2. For classifying, the system shall be able to:

(a) Allow the user to browse and open a text file from the computer containing

the unlabeled statements to be classified

(b) Allow the user to enter a filename where the classified outputs will be saved

(c) Allow the user to choose output file format

(d) Classify each statement into positive or negative

(e) Count and display the number of positive and the number of negative

statements contained in the output files

(f) Produce either of the following output types:

i. Two text files containing all the positive statements and all the neg-

ative statements from the input file with the filenames as entered by

the user concatenated with ”(Positive)” and ”(Negative)”

ii. One text file containing labeled statements in format ”statement\tpolarity\n”

with polarity equal to 1 if positive and 0 if negative

D. Significance of the Project

This tool is a flexible tool made to cater most of the categories for sentiment classi-

fication. There is no need to find a classifying model that suits the user’s data and

that has the preprocessing methods the data need. The user just have to provide

an existing dataset where the mode would learn from and select the preprocessing

methods he finds applicable to use or just try all the combinations of preprocessing

methods available until he is satisfied with the model’s performance.

E. Scope and Limitations

1. The classifier classifies the statements as positive or negative only. There is no

statement classified as neutral.
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2. The system can only read text inputs.

3. The system only accepts text files as inputs.

4. The classifier can be trained with the English language only.

5. Sarcasm in statements is not catered.

F. Assumptions

1. The contents of the training set file is in the format:

”statement\tpolarity\n”

with polarity equal to 1 if positive and 0 if negative.

2. The contents of the input test file is in the format:

”statement\n”
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II. Review of Related Literature

In [9] some data sources were listed namely:

1. Blogs: Blogging and blog pages are growing rapidly with an increasing usage of

the Internet with blog pages becoming the most popular means of expressing

because bloggers record daily events in their lives to express their opinions,

feelings, and emotions in a blog. Some of these blogs contain reviews and are

used in many studies related to sentiment analysis.

2. Review sites: Available on the Internet are a large growing number of user-

generated reviews for products or services which are usually based on the opin-

ions expressed in unstructured format.

3. Dataset: Most of the work in sentiment analysis uses movie reviews which are

available as a dataset. Other dataset available is multi-domain sentiment.

4. Micro-blogging: One popular microblogging site is Twitter where users create

status messages that sometimes express opinions about different topics. These

tweets are also used as data source for sentiment classification.

[9] also stated that a very common linguistic construction that needs to be taken

into consideration in sentiment analysis is negation for it affects polarity. It is a

difficult yet important aspect of sentiment analysis. They are not only conveyed by

common negation words like not, neither, nor but also by many other words that

invert the polarity of an opinion expressed such as valence shifters, connectives, and

modals.

In [8], they used a dataset of movie reviews publicly available from the Internet

Movie Database (IMDb). It is a set of 50, 000 highly polar movie reviews divided

equally for training and for testing. Movie reviews were chosen as their dataset
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because it covers a wide range of human emotions and most of the adjectives relevant

to sentiment classification are captured by it.

A basic filtering step is performed. They removed features/terms that occurs only

once. On the basis of mutual information, these features are then further filtered.

Mutual information is a quantity that measures the mutual dependence of the two

random variables.

They removed duplicate words from the document because they don’t add any

additional information. The type of Naive Bayes algorithm that they used was called

Bernoulli Naive Bayes. It has been found that including just the presence of the word

instead of its count improves performance marginally when the training examples are

large in number.

Since they used each word as feature, the presence of the word ”not” before the

word ”good” in the phrase ”not good” will not be taken into account and the word

”good” will be contributing to the positive sentiment rather than to the negative sen-

timent. They devised a simple algorithm to solve this problem of handling negations

using state variables and bootstrapping. They built on the idea of using an alternate

representation of the negated forms. A state variable to store the negation state was

used in their algorithm. The algorithm transforms a word followed by a ”not” or

”n’t” into ”not ” + word. The words read are treated as ”not ” + word whenever

the negation state variable is set. When a punctuation mark is encountered or when

there is double negation, the state variable is reset.

It is possible that many words with strong sentiment occur only in their normal

forms in the training set. Negated forms would be of strong polarity but its num-

ber might not be adequate for correct classifications. They addressed this problem

by adding negated forms to the opposite class along with normal forms of all the

features during the training phase. For example, if they find the word ”good” in a

positive document during the training phase, they increment the count of ”good” in
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the positive class and also the count of ”not good” in the negative class. This ensures

that the ”not ” forms are sufficient in number for classification.

Here, the classifier was implemented in Python using hash tables to store the word

counts in their respective classes. Before counting the words, they preprocessed the

data and applied negation handling during training. Each word is counted only once

per document since they were using Bernoulli Naive Bayes.

The results in [8] show that by choosing the right type of features and removing

noise by appropriate feature selection, a simple Naive Bayes classifier can be enhanced

to match the classification accuracy of more complicated models for sentiment anal-

ysis. Due to assumptions on their conditional independence, Naive Bayes classifiers

are extremely fast to train and can scale over large datasets. They are also less prone

to overfitting and robust to noise.

[7] used and standardized the movie review dataset from IMDb which consists of

1000 documents for each class totaling of 2, 000 documents.

Having more training examples for one class than another (skewed data) causes

biased decision boundary weights inducing the classifier to unwittingly prefer one class

over the other. Because of this, they used a variant of Naive Bayes classifier called

Complemented Naive Bayes classifier that tackles the poor assumptions made by its

parent classifier such as uneven training size (skewed data) and the independence

assumption in which all features and attributes are treated individually.

The preprocessing and feature selection here were carried out as a sequence of

steps. First, string tokenization and punctuation removal wherein all the words

present in the text are extracted using the bag-of-words approach while removing the

punctuations and symbols except for ’?’ and ’ !’ since these characters express nega-

tive feelings in evaluative texts. Second, they eliminated some of the noise words such

as conjunctions, prepositions, etc. and reduced inflated or derived words into their re-

spective stems or root words. For example, ”connected”, ”connecting”, ”connection”
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are reduced to ”connect”. Another step is the construction of Term-by-Document

matrix with both the binary and frequency values separated which is dimensionally

reduced by the feature selection process. They first eliminated words by document

frequency, that is, they calculated the frequency of each word in all the documents

and retained only those words satisfying a certain threshold, and applied attribute

selection measure like Information Gain which finds the best subset that maximizes

the classification efficiency. Information of any feature or attribute is its measure

of purity which helps in classifying a new instance based on this word alone and

represents the amount of information a feature carries.

[7] followed two different kinds of evaluation schemes: the K-fold cross validation

and the X:Y validation. In K-fold cross validation, the entire data is divided into K

equal sets. One set is alternatively selected as the testing set and the remaining K-1

sets are combined to be the training set. The final efficiency of the model is the sum

of K efficiencies divided by K. On the other hand, the X:Y validation splits the data

into two not necessarily equal size wherein X% is used for training and Y% is used

for testing such that X + Y is 100.

The raw data that was used in [3] came from large sets of movie reviews collected

by research communities. They used the Cornell University movie review dataset

which has 1000 positive and 1000 negative reviews on which’s class is then decided

by the frequency of each words appearing in the model obtained from the training

dataset and the Stanford SNAP Amazon movie review dataset which is organized

into eight lines for each review in their experiments. The reviews were simply divided

into positive and negative by setting 3.0 as a threshold since it has a 5-point rating

system.

They considered only unigrams for the model. They simply deleted unwanted

context such as punctuations, special symbols, and numbers to preprocess the raw

reviews from the dataset. They did not use a lexicon or vocabulary to filter out words
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without meaning.

A simple and complete system for sentiment mining on large datasets was pre-

sented by [3] using a Naive Bayes classifier with the Hadoop framework to evaluate

the scalability of Naive Bayes classifier in large-scale datasets. 80.85% average ac-

curacy of ten trials was attained when they tested their code on Cornell dataset. It

was also able to classify with comparable accuracy different subsets of Amazon movie

review dataset. The size of the dataset in their experiment varies from one thousand

to one million reviews in each class to test the scalability of the Naive Bayes classifier.

The study shows that the accuracy is unstable when the dataset is relatively small

because the training data are not big enough for the model to learn enough knowledge

about the class but the accuracy gradually increase above 80% and approaching 82%

as the dataset increase above 400K demonstrating that the accuracy of Naive Bayes

classifier is stable when the dataset increases. True positive and negative increase

as the size of the dataset increase while the false positive and negative decrease as

expected.

In [4]’s preliminary experiments, they used the training dataset of tweets provided

by SemEval2014 organization containing 6, 408 tweets. They also used a selection of

5, 050 positive and negative labeled tweets compiled from an external source.

According to two different strategies, they built two different Naive Bayes classi-

fiers: baseline and binary. A baseline Naive Bayes classifier learns from the original

training corpus wherein no modification has been introduced. It classifies three cat-

egories found in the corpus which are positive, negative, and neutral. On the other

hand, a binary Naive Bayes classifier doesn’t take neutral tweets into account. This

basic binary or Boolean classifier was trained on a simplified training corpus consid-

ering only positive and negative tweets and identifies only both positive and negative

tweets. It uses a polarity lexicon in order to detect neutral tweets or tweets without

polarity. Basically, if the tweet contains at least one word that is found in the polarity
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lexicon, then the tweet has some degree of polarity. Otherwise, if the tweet does not

contain at least one lemma found in an external polarity lexicon, then it is classified

as neutral and is considered having no polarity.

They searched for a polarity word (adjective, noun, or verb) within a window of

2 words after the negation whenever a negation word is found considering its parts-

of-speech tag and its syntactic properties. If a syntactically linked polarity word and

negative word is found, its polarity is reversed. For instance, the system only reverses

the polarity of adjectives or verbs appearing to the right of an adverb ”not” since

nouns are not syntactically linked to this adverb. By contrast, only the polarity of

nouns can be reversed by the negation determiner ”no” or ”none”.

Given that the language of microblogging like tweets must be corrected and nor-

malized before lemmatizing them, they proposed preprocessing tasks. They removed

URLs, references to usernames, and hashtags. They also reduced replicated characters

like ”looooove” to ”love” and replaced emoticons and interjections with polarity or

sentiment expressions like ”:-)” to ”good”. The features that the classifier considered

are lemmas, multiwords, polarity lexicons, and valence shifters. Instead of tokens,

they used unigrams of lemmas to minimize the problems due to sparse distribution of

words. Only lemmas belonging to lexical categories such as nouns, verbs, adjectives,

and adverbs are selected as features while grammatical words such as conjunctions,

determiners, and prepositions were removed. They also used multiword expression

identified by parts-of-speech tags patterns such as noun-adj, noun-noun, adj-noun,

noun-prp-noun, verb-noun, verb-prp-noun. The bigrams and trigrams produced with

these patterns are added to the unigrams in the model. They also built a polarity

lexicon with 10, 850 positive and negative entries from different sources and used it to

identify neutral tweets and to build artificial tweets wherein each entry of the lexicon

is converted into artificial tweets, which will be taken into account for training classi-

fiers, with just one lemma inheriting the polarity from the lexicon and the frequency
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of the word in each new tweet is the average frequency of lemmas in the training

corpus.

All the classifiers here have been implemented using Perl language. [4] showed

that the performance of the classifier improved when it was implemented with the

binary strategy using a polarity lexicon and when multiwords are selected as features.

Twitter users tend to use heavy abbreviations and fragmented expressions because

every twitter update is restricted to 140 characters in length unlike the social network-

ing site Facebook which has 5, 000 characters for every status update making clearer

sentences construction more expectable. Because of this, [1] focused on users’ Face-

book status updates but did not include other Facebook posts like application, photo,

and other similar stories. From 90 users, they collected around 7000 status updates.

These statuses were not collected by using specific queries but by random sampling

of streaming Facebook statuses. Figure 1 shows the sample of status updates in [1].

Figure 1: Sample of Status Updates in [1]

They based the final distribution of the final dataset from the negative samples

because they are fewer. The dataset was randomly selected for each partition. The

following data distribution was used for training and testing set. Figure 2 shows data
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distribution of status updates in [1].

Figure 2: Data Distribution in [1]

The main methodology for sentiment analysis in [1] is the Naive Bayes classifier

method wherein a status update is classified whether positive or negative. Figure 3

shows the main methodology for sentiment analysis in [1].

The classifier was evaluated using the precision, recall, and F-score performance

and showed the following results in Figure 4 and Figure 5.

Negation words may reverse the sentiment of opinion word sentence so [6] consid-

ered this feature for sentiment extraction from negative subjective sentences. They

listed some negative prefixes which reverses the meaning of words when used. They

are:

1. Dis- can be used with adjectives, adverbs, nouns, or verbs. Examples are disaf-

fected, disbelief, disinfect.

2. In-, il-, im-, and ir- are usually used for adjectives, nouns, or the adverbs formed

from them. Examples are imbalance, illegal, inaccurate, irregular.

3. De- is almost always used before a verb or a word from that verb which reverses

the verb’s action. Examples are deactivate, decrease, dehydrate.

4. Non- means not or lack of something. Examples are nonmetallic, nonstop,

nonrestrictive.

5. Un- is the most common negative English prefix. Examples are unafraid, unable,

uncertain.
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Figure 3: Main Methodology for Sentiment Analysis in [1]

Figure 4: Naive Bayes Precision and Recall Performance in [1]
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Figure 5: Precision, Recall, and F-score of the Classifier in [1]

6. Mis- is used with verbs as well as nouns and adverbs and adjectives made from

verbs. Examples are misspell, misinterpret, mistake.

According to [5] supervised machine learning techniques performs relatively better

than the unsupervised lexicon-based methods. An important decision to make in a

supervised classification technique is feature selection which tells us how documents

are represented. Listed below are the most commonly used features in sentiment

analysis.

1. Term presence and frequency: In sentiment classification, these features have

been widely and successfully used. These includes unigrams, bigrams, trigrams,

or n-grams, their presence or frequency.

2. Part of speech information: Here, each term in sentences will be assigned a label

or POS tag which represents its role or position in the grammatical context. In

turn, it is used to guide feature selection because it can identify adjectives and

adverbs which are used as sentiment indicators.

3. Negations: It is an important feature for it can reverse the sentiment of a

sentence.

4. Opinion words and phrases: They express positive or negative sentiments using

mainly statistical-based or lexicon-based approaches to identify its semantic

orientation.
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5. Syntactic dependency: Word dependency based features generated from depen-

dency tree or parsing are used by several research works in this area.

The biggest limitation of supervised learning is that it is affected by the quantity

and quality of the training data and may fail when it is biased or insufficient [2].

In [10], examples of feature vectors are shown. They looked at two probabilistic

models of documents, both representing documents as a bag of words whose com-

ponents correspond to word types using the Naive Bayes assumption. If given a

vocabulary V , containing |V | word types, then the feature vector dimension d = |V |.

Example: Consider the vocabulary

V = blue, red, dog, cat, biscuit, apple

In this example, |V | = d = 6. Consider the document the blue dog ate a blue bis-

cuit. If dB is the Bernoulli feature vector for this document, and dM is the multinomial

feature vector, then:

dB = (1, 0, 1, 0, 1, 0)T

dM = (2, 0, 1, 0, 1, 0)T
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III. Theoretical Framework

A. Sentiment Analysis

Sentiment analysis or opinion mining is an extended field of information retrieval or

data mining [6]. It is the automated mining of attitudes, emotions, and opinions from

database resources, speech, and text through Natural Language Processing [5]. It is a

technique in extracting and detecting subjective information and finding the opinion

in text documents to determine the contextual polarity (e.g. positive, negative, or

neutral) of a document with respect to certain objects [2] [8] [4]. Figure 6 shows the

techniques in sentiment classification according to [6].

Figure 6: Techniques in Sentiment Classification

B. Supervised Learning/Approach

In a supervised approach, a classifier or a model is trained on a series of text docu-

ments or reviews that are categorized manually beforehand [7] requiring pre-classified

examples to train on [1]. Two sets of data are required in a machine learning based

17



approach: a training and a test set. To learn the differentiating characteristics of

documents, the training set is used by an automatic classifier while the test set is

used to validate and check the how well the performance of the classifier is [6] [9].

C. Text Classification

It is the task of classifying documents by the words which they are comprised or by

their content [10].

D. Naive Bayes Classifier

Naive Bayes is an intuitive method in classifying that combines efficiency with reason-

able accuracy [4]. This classification algorithm is a very simple probabilistic model

yet effective and works well on text classifications [9] [8].

The basic idea of this method is to use the joint probabilities of words and cate-

gories in estimating the probabilities of categories given a document [7]. The Bayes

rule is the basis of Bayesian classifiers. It is a way of looking at conditional probabil-

ities allowing us to flip the condition around which can be very helpful when we are

estimating the probability of something based on examples of it occurring [1].

The large assumption that we make rendering this process as naive is calculating

the probability of the document occurring by getting the product of the probabilities

of each word within its occurrence [1]. The conditional probability of a word given

a category is assumed to be independent from the conditional probabilities of other

words given that category called word independence assumption [7].

The maximum likelihood probability of a word belonging to a particular class is

given by the equation:

P (xi|c) =
Count of xi in documents of class c

Total number of words in documents of class c
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The probability of a particular document belonging to a class ci according to the

Bayes Rule is given by:

P (ci|d) =
P (d|ci) ∗ P (ci)

P (d)

Using the conditional independence assumption, the model is termed as naive [8].

P (ci|d) =
(ΠP (xi|cj)) ∗ P (cj)

P (d)

E. Independence Assumption

Among the linguistic features, independence assumption assumes conditional inde-

pendence. That is, given a positive or negative class, the words are conditionally

independent of each other implying that there is no link between one word or another

word [4] [8] [1].

F. Bernoulli Naive Bayes

A Bernoulli Naive Bayes is a type of a Naive Bayes algorithm that includes just the

presence of a word instead of its number of occurrence removing duplicate words from

the document which don’t add any additional information [8].

G. Bernoulli Document Model

In a Bernoulli document model, a document is represented by a feature vector with

binary elements 1 or 0. If the corresponding word is present in the document, it takes

the value 1 and 0 if the word is not present [10].
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H. Feature Extraction/Selection

An important step in a supervised classification technique [6] that removes redundant

features and includes only those features that have high disambiguation capabilities

[8] which’s goal is to improve computational efficiency, classification effectiveness, or

both [7].

I. Preprocessing Techniques

The following preprocessing techniques are done in each method:

1. Text normalization

(a) Removal of hashtags, usernames, and URLs from [11]

(b) Conversion of all letters to lowercase

(c) Removal of special characters

(d) Removal of repeating characters

2. Negation handling

(a) Conversion of ”not” + word to ”not word”

(b) Conversion of words with negative prefix from [12] to ”not word”

3. Noise words elimination

(a) Removal of prepositions, conjunctions, and determiners

4. Emoticon conversion

(a) Conversion of positive emoticons from [13] to ”positive emoticon”

(b) Conversion of negative emoticons from [13] to ”negative emoticon”

5. Inflated or derived words reduction

(a) Reduction of inflated or derived words into its base form
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J. Laplace Smoothing

In [8], the Laplacian smoothing was used to solve the problem of a classifier encounter-

ing a word that has not been seen in the training set that would cause the probability

of both classes to become zero and there wouldn’t be anything to compare. The

Laplacian smoothing that was used was

P (xi|cj) =
Count(xi) + k

(k + 1) ∗ (Number of words in class cj )

where k is usually chosen as 1. This way, the probability of the new word being

in either class is equal.

K. Evaluation Measures

Generally, the performance of sentiment classification is evaluated by accuracy, pre-

cision, recall, and F1-score. The confusion matrix is a common way of computing

these four indexes [2]. Figure 6 shows the confusion matrix.

Figure 7: Confusion Matrix

These indexes can be defined by the following equations:

Accuracy =
TP + TN

TP + TN + FP + FN

Precision =
TP

TP + FP
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Recall =
TP

TP + FN

F1 = 2× Precision×Recall

Precision + Recall

The portion of all true predicted instances against all predicted instances is called

the accuracy. When the predicted instances are exactly the same as the actual in-

stances, an accuracy of 100% is achieved. The portion of true positive predicted

instances against all positive predicted instances is the precision and the portion of

true positive predicted instances against all actual positive instances is the recall.

The harmonic average of precision and recall is the F1.
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IV. Design and Implementation

Figure 8 shows the flow chart for training the model.

Figure 8: Flow Chart for Training the Model

Figure 9 shows the flow chart for classifying the input using the trained model.
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Figure 9: Flow Chart for Classifying the Input Using the Trained Model

A. Use Cases

Figure 10 shows the use case diagram for the system.

B. System Architecture

The tool was created using Java. No library was used for the implementation of the

classifier while the interface was created using javax.swing which provides components

in creating a GUI.
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Figure 10: Use Case Diagram for the System

C. Technical Architecture

The tool is a stand-alone program run in Java and only requires local memory.

Minimum System Requirements:

1. A mid-range CPU with with at least 1.70 GHz
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2. At least 2.00GB RAM

3. A 64-bit operating system

4. Windows 7/8/10

5. Java runtime environment
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V. Results

The Customizable Naive Bayes Classifier is a classifier used for Sentiment Analysis.

The user will be the one to train the model by loading data and selecting preprocessing

methods.

When opening the tool, a splash screen shown in figure 11 will appear.

When using the tool, figure 12 will be your main working environment.

A. Training the Model

Before the user can use the tool to classify inputs as positive or negative, he must

train it first by choosing an input file contaning already classified statements in format

”statement\tpolarity\n” with polarity equal to 1 if positive and 0 if negative. The

tool only accepts text files in this format. They can be easily found online or the user

may provide his own dataset as he wishes.

The user can easily choose a file by clicking the ”browse” button. The tool will

show a file explorer window as shown in figure 13. Once the file is selected, the

filepath will be displayed in figure 14. Not choosing an input file for training will pop

up an error message (see figure 15).

In figure 16, the user selects the preprocessing methods he wishes to perform to

the statements before the model uses them for learning.

By clicking the ”Train the Model” button, the tool will show an indicator in 17 and

display the performance of the model built from the input file and the preprocessing

methods selected. See figure 18.

The user can train the model using different input files and different combinations

of preprocessing methods until he is satisfied with its performance.
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Figure 11: Splash Screen When Opening the Tool

Figure 12: Main Window of the System
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Figure 13: Browsing for a file

Figure 14: Choosing an input file for training

Figure 15: Error message when you didn’t choose an input file for training
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Figure 16: Selecting of preprocessing methods

Figure 17: Training the model
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B. Classifying Using the Model

Once the training phase is done, the tool can now be used to classify statements into

positive or negative.

The user starts by clicking the ”browse” button beside the ”Input File” text area

in figure 19 and opening the input file containing the statements to be classified.

The user must also enter the file name for the output file/s shown in 20 that will be

produced with the format selected by the user in figure 21 or 22. Failing to choose an

input file or enter a file name for the output file will bring you errors shown in figure

23 and 24, respectively.

When the ”Classify” button is clicked, the model will start classifying and an

indicator will be shown (see 25)the input and will write output text file/s in the same

directory where the input file for classification came from as shown in 26. A pop-

up message in figure 27 will show the number of positive and negative statements

classified.
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Figure 18: Displaying the model’s performance

Figure 19: Choosing an input file to be classified

32



Figure 20: Entering a file name for the output file/s

Figure 21: Choosing one-output-file format
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Figure 22: Choosing two-output-file format

Figure 23: Error message when you didn’t choose an input file to be classified

Figure 24: Error message when you didn’t enter a file name for output file/s
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Figure 25: Classifying the Model

Figure 26: The location of the produced outputs

Figure 27: Dialog box showing the number of positive and negative statements clas-
sified
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VI. Discussions

In figure 28, the resulting evaluation measures when different combinations of pre-

processing methods are used to labeled statements from amazon cells labelled.txt in

[14] are presented.

The highest accuracy with a score of 0.824 was achieved twice. First when Text

Normalization, Emoticon Conversion, and Inflated or Derived Words Reduction pre-

processing methods were used. Second was when Text Normalization was used along

with Inflated or Derived Words Reduction. This means that among all statements

classified, 82.4% were classified correctly while the remaining 17.6% was wrongly

classified.

The earlier mentioned preprocessing methods also produced the highest precision

score, 0.794708. This implies that 79.47% of all statements classified as positive are

true positive while the others are false positive.

Same preprocessing methods are used when the highest F1-score resulted. Mean-

ing that the highest harmonic average between recall and precision achieved is 1.47791.

Three of the highest evaluation measures were achieved using the same prepro-

cessing methods except for recall. 0.87665 was the highest recall score which resulted

when combination of Text Normalization, Negation Handling, Emoticon Conversion,

and Inflated or Derived Words Reduction were applied and another when Text Nor-

malization, Negation Handling, and Inflated or Derived Words Reduction were used.

As observed on figure 28, when the only difference from the set of preprocessing

methods used is Emoticon Conversion, the same performance is achieved. This implies

that Emoticon Conversion isn’t useful with this dataset.

In figure 29, another dataset used for training is from imdb labelled.txt in [14].

The set of Text Normalization, Negation Handling, Emoticon Conversion, and In-

flated or Derived Words Reduction and set of Text Normalization, Negation Han-

dling, and Inflated or Derived Words Reduction produced the highest accuracy and
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recall scores obtaining 0.82 and 0.751364, respectively.

The highest precision was achieved when Noise Words Elimination was used in-

stead of Inflated or Derived Words Reduction. 87.28% of all classified positive state-

ments are true positive.

When Negation Handling and Emoticon Conversion is applied, the same highest

F1-score, 1.555432, is computed compared with using Negation Handling alone.

As shown in the figure, just like with the previous dataset, it seems that Emoticon

Conversion doesn’t cause a difference to the outcomes.

The results gathered using labeled statements from yelp labelled.txt in [14] are

presented in figure 30. Here, four combinations of preprocessing techniques achieved

the highest accuracy score of 0.804. These combinations are (i) Text Normalization,

Negation Handling, Noise Words Elimination, Emoticon Conversion, and Inflated or

Derived Words Reduction, (ii) Text Normalization, Negation Handling, Noise Words

Elimination, and Emoticon Conversion, (iii) Text Normalization, Negation Handling,

Noise Words Elimination, and Inflated or Derived Words Reduction, (iv) Text Nor-

malization, Negation Handling, and Noise Words Elimination.

The highest precision of 0.785556 is obtained when Text Normalization and Noise

Words Elimination. Adding Emoticon Conversion to the set gives you the same

precision score.

An F1-score of 1.492039 is computed when using Text Normalization and Emoti-

con Conversion. Same F1-score is computed when only Text Normalization is applied.

Based from the results, it seems that Emoticon Conversion is the least effective

preprocessing method. Selecting it or not doesn’t affect the outcome in these partic-

ular datasets. On the otherhand, Text Normalization is present in almost all sets of

preprocessing methods that produced the highest scores implying that Text Normal-

ization is a good preprocessing method.
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Figure 28: Performance values of the model using different sets of preprocessing
methods with amazon cells labelled.txt as input
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Figure 29: Performance values of the model using different sets of preprocessing
methods with imdb labelled.txt as input
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Figure 30: Performance values of the model using different sets of preprocessing
methods with yelp labelled.txt as input
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VII. Conclusions

The tool lets the user create his own Naive Bayes Classifier by feeding learning inputs

and choosing preprocessing methods from

1. Text Normalization

2. Negation Handling

3. Noise Words Elimination

4. Emoticon Conversion

5. Inflated or Derived Words Reduction.

The tool displays the generated model’s performance through 10-fold validation

by showing computed

1. Precision

2. Accuracy

3. Recall

4. F1-score

to let the user decide whether the classifier is good enough or not effective to

use. The user can improve the model’s performance by changing learning inputs and

choosing different combinations of preprocessing methods available.

It is a tool useful in classifying automatically the sentiment of a statement much

faster than manually analyzing them with a very user-friendly user interface.
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VIII. Recommendations

This tool can be improved by adding more preprocessing methods for feature extrac-

tion. A tool that is less customizable than this can also be made by just producing

the model that has the best performance among all others when using different com-

binations of preprocessing methods.

Another way to enhance this tool is by using a pre-trained or default model so

that users who don’t have a dataset for training can still use this tool. Adding a

”save” function will also be useful for the user to reuse previously generated models.

Since this is a Bernoulli Naive Bayes classifier, future works can be made using

Multinomial Naive Bayes classifier or any other classifiers.

A tool with a different validation method is also recommended.

This tool only accepts text files as input and output. It is also good to develop a

tool that is able to read and write a variety of file types.
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X. Appendix

A. Source Code

#inc lude <iostream>

us ing namespace std ;

i n t main{
cout << ”He l lo world ! ” << endl ;
r e turn 0 ;

}

import java . u t i l . ArrayList ;
import java . u t i l . S t r ingToken ize r ;

pub l i c c l a s s BagOfWords {

pr i va t e ArrayList<Str ing> words ;

pub l i c BagOfWords (Documents documents ) {
words = new ArrayList<Str ing >() ;

f o r ( i n t i = 0 ; i < documents . s i z e ( ) ; i++) {
Str ingToken ize r tokens = new Str ingToken ize r ( documents . get ( i ) , ” ” ) ;

whi le ( tokens . hasMoreTokens ( ) ){
words . add ( tokens . nextToken ( ) ) ;

}
}

}

pub l i c BagOfWords ( St r ing document ) {
words = new ArrayList<Str ing >() ;
St r ingToken ize r tokens = new Str ingToken ize r ( document , ” ” ) ;

whi le ( tokens . hasMoreTokens ( ) ){
words . add ( tokens . nextToken ( ) ) ;

}
}

pub l i c i n t getWordCount ( St r ing word ) {
i n t count = 0 ;

f o r ( i n t i = 0 ; i < words . s i z e ( ) ; i++) {
i f (word . equa l s ( words . get ( i ) ) ) {

count++;
}

}

re turn count ;
}

pub l i c void removeRepeatingWords ( ) {
f o r ( i n t i = 0 ; i < words . s i z e ( ) ; i++) {

f o r ( i n t h = 0 ; h < words . s i z e ( ) ; h++) {
i f ( i != h && words . get ( i ) . equa l s ( words . get (h ) ) ) {

words . remove (h ) ;
h−−;

}
}

}
}

pub l i c void deleteBlankWords ( ) {
f o r ( i n t i = 0 ; i < words . s i z e ( ) ; i++) {

i f ( words . get ( i ) . l ength ( ) == 0) {
words . remove ( i ) ;
i−−;

}
}

}

pub l i c void add ( St r ing word ) {
words . add (word ) ;

}

pub l i c void add ( i n t index , S t r ing word ) {
words . add ( index , word ) ;

}

pub l i c i n t s i z e ( ) {
re turn words . s i z e ( ) ;
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}

pub l i c S t r ing get ( i n t index ) {
re turn words . get ( index ) ;

}

pub l i c void remove ( i n t index ) {
words . remove ( index ) ;

}

pub l i c void s e t ( i n t index , S t r ing s t r i n g ) {
words . s e t ( index , s t r i n g ) ;

}
}

import java . i o . F i l e ;
import java . i o . FileNotFoundException ;
import java . u t i l . Scanner ;
import java . u t i l . S t r ingToken ize r ;

pub l i c c l a s s DocumentReader {
pr i va t e LabeledDocuments labeledDocuments ;
p r i va t e Documents documents ;

pub l i c DocumentReader ( St r ing f i l ePath , Boolean i sLabe l ed ) {
Scanner documentScanner = nu l l ;

t ry {
documentScanner = new Scanner (new F i l e ( f i l ePa th ) ) ;

}
catch ( FileNotFoundException e ) {

System . out . p r i n t l n (” F i l e not found ! ” ) ;
}

i f ( i sLabe l ed ) {
labeledDocuments = new LabeledDocuments ( ) ;
S t r ing l i n e ;
S t r ing document ;
i n t p o l a r i t y ;

whi le ( documentScanner . hasNextLine ( ) ) {
l i n e = documentScanner . nextLine ( ) ;
St r ingToken ize r token = new Str ingToken ize r ( l i n e , ”\ t ” ) ;
document = token . nextToken ( ) ;
p o l a r i t y = In t ege r . pa r s e In t ( token . nextToken ( ) ) ;
labeledDocuments . add (new LabeledDocument ( document , p o l a r i t y ) ) ;

}
}
e l s e {

documents = new Documents ( ) ;

whi le ( documentScanner . hasNextLine ( ) ) {
documents . add ( documentScanner . nextLine ( ) ) ;

}
}

}

pub l i c LabeledDocuments getLabeledDocuments ( ) {
re turn labeledDocuments ;

}

pub l i c Documents getDocuments ( ) {
re turn documents ;

}
}

import java . u t i l . ArrayList ;

pub l i c c l a s s Documents {

pr i va t e ArrayList<Str ing> documents ;

pub l i c Documents ( ){
documents = new ArrayList<Str ing >() ;

}

pub l i c void add ( St r ing document ){
documents . add ( document ) ;

}

pub l i c i n t s i z e ( ){
re turn documents . s i z e ( ) ;

}

pub l i c S t r ing get ( i n t index ) {
re turn documents . get ( index ) ;

}
}
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import java . i o . F i l eWr i t e r ;
import java . i o . Pr intWriter ;
import java . i o . IOException ;

pub l i c c l a s s DocumentWriter {
pr i va t e St r ing f i l ePa th ;
p r i va t e boolean append = f a l s e ;

pub l i c DocumentWriter ( S t r ing f i l ePa th ) {
t h i s . f i l ePa th = f i l ePa th ;

}

pub l i c void wr i teToFi l e ( LabeledDocuments documents ) throws IOException {
Fi l eWr i t e r f i l eWr i t e r = new Fi l eWr i t e r ( f i l ePa th + ” . txt ” , append ) ;
Pr intWriter pr intWri te r = new PrintWriter ( f i l eWr i t e r ) ;

f o r ( i n t i = 0 ; i < documents . s i z e ( ) ; i++) {
pr intWri te r . p r i n t l n ( documents . get ( i ) . getDocument ( ) + ”\ t ” +

documents . get ( i ) . g e tPo l a r i t y ( ) ) ;
}

pr intWri te r . c l o s e ( ) ;
}

pub l i c void wr i t ePos i t i veAndNegat iveF i l e s ( LabeledDocuments documents )
throws IOException {

Fi l eWr i t e r f i l eWr i t e rP o s i t i v e = new Fi l eWr i t e r ( f i l ePa th
+ ”( Po s i t i v e ) . txt ” , append ) ;

F i l eWr i t e r f i l eWr i t e rNega t i v e = new Fi l eWr i t e r ( f i l ePa th
+ ”( Negative ) . txt ” , append ) ;

Pr intWriter p r i n tWr i t e rPo s i t i v e = new PrintWriter ( f i l eWr i t e rP o s i t i v e ) ;
Pr intWriter pr intWri te rNegat ive = new PrintWriter ( f i l eWr i t e rNega t i v e ) ;

System . out . p r i n t l n (”FILENAME: ” + f i l ePa th + ”( Po s i t i v e ) . txt ” ) ;
System . out . p r i n t l n (”FILENAME: ” + f i l ePa th + ”( Negative ) . txt ” ) ;

f o r ( i n t i = 0 ; i < documents . s i z e ( ) ; i++) {
i f ( documents . get ( i ) . g e tPo l a r i t y ( ) == 1) {

pr in tWr i t e rPo s i t i v e . p r i n t l n ( documents . get ( i ) . getDocument ( ) ) ;
}
e l s e {

pr intWri te rNegat ive . p r i n t l n ( documents . get ( i ) . getDocument ( ) ) ;
}

}

pr in tWr i t e rPo s i t i v e . c l o s e ( ) ;
pr intWri te rNegat ive . c l o s e ( ) ;

}
}

pub l i c c l a s s LabeledDocument {
pr i va t e St r ing document ;
p r i va t e i n t p o l a r i t y ;

pub l i c LabeledDocument ( St r ing document , i n t p o l a r i t y ) {
t h i s . document = document ;
t h i s . p o l a r i t y = po l a r i t y ;

}

pub l i c S t r ing getDocument ( ) {
re turn document ;

}

pub l i c i n t g e tPo l a r i t y ( ) {
re turn po l a r i t y ;

}

pub l i c void setDocument ( St r ing document ) {
t h i s . document = document ;

}

pub l i c void s e tPo l a r i t y ( i n t p o l a r i t y ) {
t h i s . p o l a r i t y = po l a r i t y ;

}
}

import java . u t i l . ArrayList ;

pub l i c c l a s s LabeledDocuments {

pr i va t e ArrayList<LabeledDocument> labeledDocuments ;

pub l i c LabeledDocuments ( ) {
labeledDocuments = new ArrayList<LabeledDocument >() ;

}

pub l i c i n t s i z e ( ) {
re turn labeledDocuments . s i z e ( ) ;

}

47



pub l i c LabeledDocument get ( i n t index ){
re turn labeledDocuments . get ( index ) ;

}

pub l i c void add ( LabeledDocument document ) {
labeledDocuments . add ( document ) ;

}

pub l i c ArrayList<LabeledDocument> getDocuments ( ) {
re turn labeledDocuments ;

}

pub l i c Documents getPosit iveDocuments ( ){
Documents posit iveDocuments = new Documents ( ) ;

f o r ( i n t i = 0 ; i < labeledDocuments . s i z e ( ) ; i++) {
i f ( labeledDocuments . get ( i ) . g e tPo l a r i t y ( ) == 1) {

posit iveDocuments . add ( labeledDocuments . get ( i ) . getDocument ( ) ) ;
}

}
re turn posit iveDocuments ;

}

pub l i c Documents getNegativeDocuments ( ){
Documents negativeDocuments = new Documents ( ) ;

f o r ( i n t i = 0 ; i < labeledDocuments . s i z e ( ) ; i++) {
i f ( labeledDocuments . get ( i ) . g e tPo l a r i t y ( ) == 0) {

negativeDocuments . add ( labeledDocuments . get ( i ) . getDocument ( ) ) ;
}

}
re turn negativeDocuments ;

}
}

pub l i c c l a s s Model {

pr i va t e Preproces so r p r ep roc e s so r ;
p r i va t e BagOfWords pos it iveWords ;
p r i va t e BagOfWords negativeWords ;

pub l i c Model ( LabeledDocuments labeledDocuments , Preproces so r p r ep roc e s so r ) {
t h i s . p r ep roc e s so r = prep roc e s so r ;

pos it iveWords = new BagOfWords ( labeledDocuments . getPosit iveDocuments ( ) ) ;
negativeWords = new BagOfWords ( labeledDocuments . getNegativeDocuments ( ) ) ;

pos it iveWords = prep roce s so r . p r ep roce s s ( pos it iveWords ) ;
negativeWords = prep roc e s so r . p r ep roce s s ( negativeWords ) ;

}

pub l i c boolean i s P o s i t i v e ( St r ing document ) {
i f ( g e tP robab i l i t y ( true , document ) >= getProbab i l i t y ( f a l s e , document ) ) {

re turn true ;
}
e l s e {

re turn f a l s e ;
}

}

// p r obab i l i t y o f a document being p o s i t i v e or negat ive
p r i va t e double g e tProbab i l i t y ( Boolean i sPo s i t i v e , S t r ing document ) {

BagOfWords documentWords = new BagOfWords ( document ) ;
documentWords = prep roce s so r . p r ep roce s s ( documentWords ) ;
documentWords . removeRepeatingWords ( ) ;
double p r obab i l i t y = 1 ;

f o r ( i n t i = 0 ; i < documentWords . s i z e ( ) ; i++) {
p r obab i l i t y = ( double ) p r obab i l i t y ∗

( double ) getWordProbabi l i tyInClass ( i sPo s i t i v e ,
documentWords . get ( i ) ) ;

}

re turn ( double ) p r obab i l i t y ∗ ( double ) g e tC l a s sP robab i l i t y ( i s P o s i t i v e ) ;
}

// f o r review
pr i va t e double g e tC l a s sP robab i l i t y ( Boolean i s P o s i t i v e ) {

i f ( i s P o s i t i v e ) {
re turn ( double ) pos it iveWords . s i z e ( )/

( ( double ) pos it iveWords . s i z e ( ) + negativeWords . s i z e ( ) ) ;
}
e l s e {

re turn ( double ) negativeWords . s i z e ( )/
( ( double ) pos it iveWords . s i z e ( ) + negativeWords . s i z e ( ) ) ;

}
}

// p r obab i l i t y o f a word being in p o s i t i v e or negat ive c l a s s
p r i va t e double getWordProbabi l i tyInClass ( Boolean i sPo s i t i v e , S t r ing word ) {
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i n t k = 1 ;

i f ( i s P o s i t i v e ) {
re turn ( double ) ( pos it iveWords . getWordCount (word ) + k)/

( double ) ( ( k+1)∗posit iveWords . s i z e ( ) ) ;
}
e l s e {

re turn ( double ) ( negativeWords . getWordCount (word ) + k)/
( double ) ( ( k+1)∗negativeWords . s i z e ( ) ) ;

}
}

}

pub l i c c l a s s Na iv eBaye sC la s s i f i e r {
pr i va t e Model model ;
p r i va t e Va l idator va l i d a t o r ;

pub l i c Na iv eBaye sC la s s i f i e r ( S t r ing t ra in ing InputF i l ePath ,
Preproces so r p r ep roc e s so r ) {

DocumentReader documentReader = new DocumentReader (
t ra in ing InputF i l ePath , t rue ) ;

LabeledDocuments documentsForTraining = documentReader . getLabeledDocuments ( ) ;

model = new Model ( documentsForTraining , p r ep roc e s so r ) ;
v a l i d a t o r = new Val idator ( documentsForTraining , p r ep roc e s so r ) ;

}

pub l i c LabeledDocuments c lass i fyDocuments ( St r ing inputFi lePath ) {
DocumentReader documentReader = new DocumentReader ( inputFi lePath , f a l s e ) ;
Documents documents = documentReader . getDocuments ( ) ;
LabeledDocuments c l a s s i f i edDocuments = new LabeledDocuments ( ) ;

f o r ( i n t i = 0 ; i < documents . s i z e ( ) ; i++) {
i f (model . i s P o s i t i v e ( documents . get ( i ) ) ) {

c l a s s i f i edDocuments . add (new LabeledDocument ( documents . get ( i ) , 1 ) ) ;
}
e l s e {

c l a s s i f i edDocuments . add (new LabeledDocument ( documents . get ( i ) , 0 ) ) ;
}

}

re turn c la s s i f i edDocuments ;
}

pub l i c Va l idator ge tVa l ida to r ( ) {
re turn va l i d a t o r ;

}
}

import javax . swing . JFrame ;
import javax . swing . JPanel ;
import javax . swing . border . EmptyBorder ;
import javax . swing . JLabel ;
import javax . swing . JOptionPane ;
import javax . swing . JTextArea ;
import javax . swing . JTextPane ;
import javax . swing . JButton ;
import javax . swing . JRadioButton ;
import javax . swing . ButtonGroup ;
import javax . swing . JCheckBox ;
import javax . swing . JSeparator ;
import javax . swing . JFi leChooser ;
import javax . swing . ImageIcon ;

import java . awt . Color ;
import java . awt . Font ;
import java . awt . event . Act ionL i s t ene r ;
import java . awt . event . ActionEvent ;
import java . awt . EventQueue ;
import java . i o . IOException ;
import java . t ext . DecimalFormat ;

import java . u t i l . Timer ;
import java . u t i l . TimerTask ;

pub l i c c l a s s Na iveBayesC la s s i f i e rUI extends JFrame {

pr i va t e Na iv eBaye sC la s s i f i e r nbc ;
p r i va t e St r ing outputF i l eD i r e c to ry ;

p r i va t e JPanel contentPane ;
p r i va t e JLabel t r a i n i n g ;
p r i va t e JLabel c l a s s i f y i n g ;

p r i va t e ButtonGroup btnGrpOutputFile ;
p r i va t e JRadioButton rdbtnTwoFiles ;
p r i va t e JRadioButton rdbtnOneFile ;

p r i va t e JButton btnBrowseTraining ;
p r i va t e JButton btnTrain ;
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pr i va t e JButton btnReset ;

p r i va t e JCheckBox chckbxTextNormalization ;
p r i va t e JCheckBox chckbxNegationHandling ;
p r i va t e JCheckBox chckbxNoiseWordsElimination ;
p r i va t e JCheckBox chckbxEmoticonConversion ;
p r i va t e JCheckBox chckbxInf latedOrDer ived ;

p r i va t e JTextPane tx tpnPrec i s i on ;
p r i va t e JTextPane txtpnReca l l ;
p r i va t e JTextPane txtpnAccuracy ;
p r i va t e JTextPane txtpnF1score ;

p r i va t e JButton btnBrowse ;
p r i va t e JButton b tnC la s s i f y ;
p r i va t e JTextArea txtareaTra in ingInput ;
p r i va t e JTextArea txtarea Input ;
p r i va t e JTextArea txtareaFileName ;

/∗∗
∗ Launch the app l i c a t i on .
∗/

pub l i c s t a t i c void main ( St r ing [ ] a rgs ) {
SplashScreen sp la shScreen = new SplashScreen (3500 ) ;
sp la shScreen . showSplash ( ) ;

EventQueue . invokeLater (new Runnable ( ) {
pub l i c void run ( ) {

t ry {
NaiveBayesC la s s i f i e rUI frame =
new NaiveBayesC la s s i f i e rUI ( ) ;
frame . s e tV i s i b l e ( t rue ) ;

} catch ( Exception e ) {
e . pr intStackTrace ( ) ;

}
}

} ) ;
}

/∗∗
∗ Create the frame .
∗/

pub l i c Na iveBayesC la s s i f i e rUI ( ) {
ImageIcon img = new ImageIcon ( t h i s . ge tC las s ( ) . getResource (”/ images / logo . png ” ) ) ;
setIconImage ( img . getImage ( ) ) ;
s e tRe s i z ab l e ( f a l s e ) ;
setBackground ( Color .WHITE) ;
setForeground ( Color .WHITE) ;
s e tT i t l e (” Sentiment Analys i s Using Customizable Naive Bayes C l a s s i f i e r ” ) ;
s e tDe fau l tC loseOperat ion ( JFrame .EXIT ON CLOSE ) ;
setBounds (100 , 100 , 500 , 450 ) ;
contentPane = new JPanel ( ) ;
contentPane . setBackground ( Color .PINK) ;
contentPane . setBorder (new EmptyBorder (5 , 5 , 5 , 5 ) ) ;
setContentPane ( contentPane ) ;
contentPane . setLayout ( nu l l ) ;

JLabel l b l I npu t = new JLabel (” Input F i l e ” ) ;
l b l I npu t . setFont (new Font (”Tahoma” , Font .BOLD, 1 2 ) ) ;
l b l I npu t . setBounds (15 , 35 , 136 , 2 8 ) ;
contentPane . add ( l b l I npu t ) ;

txtareaTra in ingInput = new JTextArea ( ) ;
txtareaTra in ingInput . setBackground ( Color .WHITE) ;
txtareaTra in ingInput . setBounds (20 , 60 , 350 , 2 5 ) ;
contentPane . add ( txtareaTra in ingInput ) ;

btnBrowseTraining = new JButton (”Browse ” ) ;
btnBrowseTraining . addAct ionListener (new BrowseTrainingButtonHandler ( ) ) ;
btnBrowseTraining . setBackground ( Color .LIGHT GRAY) ;
btnBrowseTraining . setBounds (375 , 62 , 110 , 2 3 ) ;
contentPane . add ( btnBrowseTraining ) ;

JLabel l b lP r ep r o c e s s i n g = new JLabel (” Preproce s s ing Methods ” ) ;
l b lP r ep r o c e s s i n g . setFont (new Font (”Tahoma” , Font .BOLD, 1 2 ) ) ;
l b lP r ep r o c e s s i n g . setBounds (15 , 90 , 168 , 2 8 ) ;
contentPane . add ( l b lP r ep r o c e s s i n g ) ;

chckbxTextNormalization = new JCheckBox (”Text Normal izat ion ” ) ;
chckbxTextNormalization . setBackground ( Color .PINK) ;
chckbxTextNormalization . setBounds (30 , 115 , 136 , 2 3 ) ;
contentPane . add ( chckbxTextNormalization ) ;

chckbxNegationHandling = new JCheckBox (” Negation Handling ” ) ;
chckbxNegationHandling . setBackground ( Color .PINK) ;
chckbxNegationHandling . setBounds (30 , 135 , 150 , 2 3 ) ;
contentPane . add ( chckbxNegationHandling ) ;

chckbxNoiseWordsElimination = new JCheckBox (” Noise Words El iminat ion ” ) ;
chckbxNoiseWordsElimination . setBackground ( Color .PINK) ;
chckbxNoiseWordsElimination . setBounds (30 , 155 , 180 , 2 3 ) ;
contentPane . add ( chckbxNoiseWordsElimination ) ;
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chckbxEmoticonConversion = new JCheckBox (”Emoticon Conversion ” ) ;
chckbxEmoticonConversion . setBackground ( Color .PINK) ;
chckbxEmoticonConversion . setBounds (30 , 175 , 168 , 2 3 ) ;
contentPane . add ( chckbxEmoticonConversion ) ;

chckbxInf latedOrDer ived = new JCheckBox (” I n f l a t e d or ”
+ ” Derived Words Reduction ” ) ;

chckbxInf latedOrDer ived . setBackground ( Color .PINK) ;
chckbxInf latedOrDer ived . setBounds (30 , 195 , 240 , 2 3 ) ;
contentPane . add ( chckbxInf latedOrDer ived ) ;

btnTrain = new JButton (” Train the Model ” ) ;
btnTrain . addAct ionListener (new TrainButtonHandler ( ) ) ;
btnTrain . setBackground ( Color .LIGHT GRAY) ;
btnTrain . setBounds (15 , 225 , 125 , 2 3 ) ;
contentPane . add ( btnTrain ) ;

btnReset = new JButton (” Reset ” ) ;
btnReset . addAct ionListener (new ResetButtonHandler ( ) ) ;
btnReset . setBackground ( Color .LIGHT GRAY) ;
btnReset . setBounds (145 , 225 , 125 , 2 3 ) ;
contentPane . add ( btnReset ) ;

txtarea Input = new JTextArea ( ) ;
txtarea Input . setBackground ( Color .WHITE) ;
txtarea Input . setBounds (20 , 320 , 350 , 2 5 ) ;
contentPane . add ( txtarea Input ) ;

JSeparator s epara to r = new JSeparator ( ) ;
s epara to r . setBounds (275 , 235 , 210 , 1 3 ) ;
contentPane . add ( s epara to r ) ;

t r a i n i n g = new JLabel (new ImageIcon (
t h i s . ge tC las s ( ) . getResource (”/ images /wait2 . g i f ” ) ) ) ;
t r a i n i n g . setBounds (420 , −5, 75 , 7 5 ) ;
contentPane . add ( t r a i n i n g ) ;

c l a s s i f y i n g = new JLabel (new ImageIcon (
t h i s . ge tC las s ( ) . getResource (”/ images /wait2 . g i f ” ) ) ) ;
c l a s s i f y i n g . setBounds (420 , 255 , 75 , 7 5 ) ;
contentPane . add ( c l a s s i f y i n g ) ;

JLabel lb lPer formance = new JLabel (” Performance ” ) ;
lb lPer formance . setFont (new Font (”Tahoma” , Font .BOLD, 1 2 ) ) ;
lb lPer formance . setBounds (260 , 90 , 128 , 2 8 ) ;
contentPane . add ( lb lPer formance ) ;

JLabel l b l P r e c i s i o n = new JLabel (” Pr e c i s i on ” ) ;
l b l P r e c i s i o n . setBounds (275 , 115 , 100 , 2 3 ) ;
contentPane . add ( l b l P r e c i s i o n ) ;

JLabel lb lAccuracy = new JLabel (” Accuracy ” ) ;
lb lAccuracy . setBounds (275 , 160 , 100 , 2 3 ) ;
contentPane . add ( lb lAccuracy ) ;

JLabel l b lR e c a l l = new JLabel (” Reca l l ” ) ;
l b lR e c a l l . setBounds (390 , 115 , 100 , 2 3 ) ;
contentPane . add ( l b lR e c a l l ) ;

JLabel lb lFScore = new JLabel (”F1 Score ” ) ;
lb lFScore . setBounds (390 , 160 , 100 , 2 3 ) ;
contentPane . add ( lb lFScore ) ;

tx tpnPrec i s i on = new JTextPane ( ) ;
tx tpnPrec i s i on . setBounds (280 , 135 , 80 , 2 5 ) ;
contentPane . add ( tx tpnPrec i s i on ) ;

txtpnReca l l = new JTextPane ( ) ;
txtpnReca l l . setBounds (395 , 135 , 80 , 2 5 ) ;
contentPane . add ( txtpnReca l l ) ;

txtpnAccuracy = new JTextPane ( ) ;
txtpnAccuracy . setBounds (280 , 180 , 80 , 2 5 ) ;
contentPane . add ( txtpnAccuracy ) ;

txtpnF1score = new JTextPane ( ) ;
txtpnF1score . setBounds (395 , 180 , 80 , 2 5 ) ;
contentPane . add ( txtpnF1score ) ;

JLabel l b l I n pu tF i l e = new JLabel (” Input F i l e ” ) ;
l b l I n pu tF i l e . setFont (new Font (”Tahoma” , Font .BOLD, 1 2 ) ) ;
l b l I n pu tF i l e . setBounds (15 , 295 , 100 , 2 8 ) ;
contentPane . add ( l b l I n pu tF i l e ) ;

btnBrowse = new JButton (”Browse ” ) ;
btnBrowse . addAct ionListener (new BrowseButtonHandler ( ) ) ;
btnBrowse . setBackground ( Color .LIGHT GRAY) ;
btnBrowse . setBounds (375 , 322 , 110 , 2 3 ) ;
contentPane . add ( btnBrowse ) ;

JLabel lblOutputFormat = new JLabel (”Output F i l e Format ” ) ;
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lblOutputFormat . setFont (new Font (”Tahoma” , Font .BOLD, 1 2 ) ) ;
lblOutputFormat . setBounds (15 , 350 , 150 , 2 8 ) ;
contentPane . add ( lblOutputFormat ) ;

rdbtnOneFile = new JRadioButton (” f i l ename . txt in format : ”
+ ” [ statement ]\\ t [ p o l a r i t y ]\\n ” ) ;

rdbtnOneFile . setBackground ( Color .PINK) ;
rdbtnOneFile . setBounds (30 , 375 , 320 , 2 3 ) ;
rdbtnOneFile . s e t S e l e c t e d ( t rue ) ;
contentPane . add ( rdbtnOneFile ) ;

rdbtnTwoFiles = new JRadioButton ( ” [ f i l ename ] ( Po s i t i v e ) . txt and ”
+ ” [ f i l ename ] ( Negative ) . txt ” ) ;

rdbtnTwoFiles . setBackground ( Color .PINK) ;
rdbtnTwoFiles . setBounds (30 , 395 , 320 , 2 3 ) ;
contentPane . add ( rdbtnTwoFiles ) ;

btnGrpOutputFile = new ButtonGroup ( ) ;
btnGrpOutputFile . add ( rdbtnTwoFiles ) ;
btnGrpOutputFile . add ( rdbtnOneFile ) ;

JLabel lblFi leName = new JLabel (” F i l e Name” ) ;
lblFi leName . setFont (new Font (”Tahoma” , Font .BOLD, 1 2 ) ) ;
lb lFi leName . setBounds (220 , 350 , 73 , 2 8 ) ;
contentPane . add ( lblFi leName ) ;

txtareaFileName = new JTextArea ( ) ;
txtareaFileName . setBounds (285 , 350 , 150 , 2 5 ) ;
contentPane . add ( txtareaFileName ) ;

JLabel lb lText = new JLabel ( ” . txt ” ) ;
lb lText . setBounds (440 , 350 , 25 , 2 8 ) ;
contentPane . add ( lb lText ) ;

b tnC la s s i f y = new JButton (” C l a s s i f y ” ) ;
b tnC la s s i f y . setFont (new Font (”Tahoma” , Font .BOLD, 1 1 ) ) ;
b tnC la s s i f y . addAct ionListener (new Class i fyButtonHandler ( ) ) ;
b tnC la s s i f y . setBackground ( Color .LIGHT GRAY) ;
b tnC la s s i f y . setBounds (350 , 390 , 135 , 2 3 ) ;
contentPane . add ( b tnC la s s i f y ) ;

JSeparator s epa ra to r 1 = new JSeparator ( ) ;
s epa ra to r 1 . setBounds (15 , 260 , 470 , 5 ) ;
contentPane . add ( s epa ra to r 1 ) ;

JLabel l b l C l a s s i f y i n g = new JLabel (” C l a s s i f y i n g ” ) ;
l b l C l a s s i f y i n g . setFont (new Font (”Tahoma” , Font .BOLD, 1 8 ) ) ;
l b l C l a s s i f y i n g . setBounds (15 , 270 , 125 , 2 8 ) ;
contentPane . add ( l b l C l a s s i f y i n g ) ;

JLabel l b lTra in i ng = new JLabel (” Training ” ) ;
l b lT ra in i ng . setFont (new Font (”Tahoma” , Font .BOLD, 1 8 ) ) ;
l b lT ra in i ng . setBounds (15 , 10 , 125 , 2 8 ) ;
contentPane . add ( l b lT ra in i ng ) ;

t r a i n i n g . s e tV i s i b l e ( f a l s e ) ;
c l a s s i f y i n g . s e tV i s i b l e ( f a l s e ) ;
txtarea Input . s e tEd i t ab l e ( f a l s e ) ;
txtareaTra in ingInput . s e tEd i t ab l e ( f a l s e ) ;
s e tEnab l edClas s i f y ingButtons ( f a l s e ) ;
se tPer formanceEditab le ( f a l s e ) ;

}

pr i va t e c l a s s TrainButtonHandler implements Act ionL i s t ener {
pub l i c void act ionPerformed ( ActionEvent e ) {

i f ( txtareaTra in ingInput . getText ( ) . l ength ( ) == 0) {
JOptionPane . showMessageDialog ( nul l , ” S e l e c t a text f i l e ”

+ ” t r a i n i n g ! ” ) ;
}
e l s e {

t r a i n i n g . s e tV i s i b l e ( t rue ) ;
btnReset . setEnabled ( f a l s e ) ;
btnTrain . setEnabled ( f a l s e ) ;
btnBrowseTraining . setEnabled ( f a l s e ) ;
setEnabledPreprocess ingMethods ( f a l s e ) ;
resetPerformanceTextPanes ( ) ;

Timer t imer = new Timer ( ) ;
TimerTask task = new TimerTask ( ) {
pub l i c void run ( ) {

nbc =
new Na iveBaye sC la s s i f i e r ( txtareaTra in ingInput . getText ( ) ,

new Preproces sor (
chckbxTextNormalization . i s S e l e c t e d ( ) ,
chckbxNegationHandling . i s S e l e c t e d ( ) ,
chckbxNoiseWordsElimination . i s S e l e c t e d ( ) ,
chckbxEmoticonConversion . i s S e l e c t e d ( ) ,
chckbxInf latedOrDer ived . i s S e l e c t e d ( ) ) ) ;

DecimalFormat formatter =
new DecimalFormat (”#0.000000”) ;
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tx tpnPrec i s i on . setText ( fo rmatter . format (
nbc . ge tVa l ida to r ( ) . g e tP r e c i s i on ( ) ) ) ;

txtpnReca l l . setText ( fo rmatter . format (
nbc . ge tVa l ida to r ( ) . g e tReca l l ( ) ) ) ;

txtpnAccuracy . setText ( fo rmatter . format (
nbc . ge tVa l ida to r ( ) . getAccuracy ( ) ) ) ;

txtpnF1score . setText ( fo rmatter . format (
nbc . ge tVa l ida to r ( ) . getF1Score ( ) ) ) ;

t r a i n i n g . s e tV i s i b l e ( f a l s e ) ;
btnReset . setEnabled ( t rue ) ;
s e tEnab l edClas s i f y ingButtons ( t rue ) ;

}
} ;

t imer . schedu le ( task , 500 ) ;
}

}
}

pr i va t e c l a s s ResetButtonHandler implements Act ionL i s t ene r {
pub l i c void act ionPerformed ( ActionEvent e ) {

btnTrain . setEnabled ( t rue ) ;
btnBrowseTraining . setEnabled ( t rue ) ;
setEnabledPreprocess ingMethods ( t rue ) ;
resetPerformanceTextPanes ( ) ;
s e tEnab l edClas s i f y ingButtons ( f a l s e ) ;

chckbxTextNormalization . s e t S e l e c t e d ( f a l s e ) ;
chckbxNegationHandling . s e t S e l e c t e d ( f a l s e ) ;
chckbxNoiseWordsElimination . s e t S e l e c t e d ( f a l s e ) ;
chckbxEmoticonConversion . s e t S e l e c t e d ( f a l s e ) ;
chckbxInf latedOrDer ived . s e t S e l e c t e d ( f a l s e ) ;

}
}

pr i va t e c l a s s BrowseTrainingButtonHandler implements Act ionL i s t ener {
pub l i c void act ionPerformed ( ActionEvent e ) {

JFi leChooser f i l eChoo s e r = new JFi leChooser ( ) ;
f i l eChoo s e r . s e tCurrentDi rec to ry (new java . i o . F i l e (”C: / ” ) ) ;
f i l eChoo s e r . s e tD i a l o gT i t l e (”Open a Text F i l e ” ) ;
f i l eChoo s e r . s e tF i l eSe l e c t i onMode ( JFi leChooser .FILES AND DIRECTORIES ) ;

i f ( f i l eChoo s e r . showOpenDialog ( btnBrowseTraining ) ==
JFi leChooser .APPROVE OPTION) {

txtareaTra in ingInput . setText (
f i l eChoo s e r . g e t S e l e c t e dF i l e ( ) . getAbsolutePath ( ) ) ;

}
}

}

pr i va t e c l a s s BrowseButtonHandler implements Act ionL i s t ener {
pub l i c void act ionPerformed ( ActionEvent e ) {

JFi leChooser f i l eChoo s e r = new JFi leChooser ( ) ;
f i l eChoo s e r . s e tCurrentDi rec to ry (new java . i o . F i l e (”C: / ” ) ) ;
f i l eChoo s e r . s e tD i a l o gT i t l e (” Save F i l e ” ) ;
f i l eChoo s e r . s e tF i l eSe l e c t i onMode ( JFi leChooser .FILES AND DIRECTORIES ) ;

i f ( f i l eChoo s e r . showOpenDialog ( btnBrowse ) ==
JFi leChooser .APPROVE OPTION) {

txtarea Input . setText (
f i l eChoo s e r . g e t S e l e c t e dF i l e ( ) . getAbsolutePath ( ) ) ;

ou tputF i l eD i r e c to ry =
f i l eChoo s e r . g e t S e l e c t e dF i l e ( ) . g e tParentF i l e ( ) . getPath ( ) ;

}
}

}

pr i va t e c l a s s Class i fyButtonHandler implements Act ionL i s t ener {
pub l i c void act ionPerformed ( ActionEvent e ) {

i f ( txtarea Input . getText ( ) . l ength ( ) == 0) {
JOptionPane . showMessageDialog ( nul l ,
” S e l e c t a text f i l e f o r input ! ” ) ;

}
e l s e i f ( txtareaFileName . getText ( ) . l ength ( ) == 0) {

JOptionPane . showMessageDialog ( nul l , ”Enter f i l e name ! ” ) ;
}
e l s e {

c l a s s i f y i n g . s e tV i s i b l e ( t rue ) ;

Timer t imer = new Timer ( ) ;
TimerTask task = new TimerTask ( ) {
pub l i c void run ( ) {
LabeledDocuments c l a s s i f i edDocuments =

nbc . c lass i fyDocuments ( txtarea Input . getText ( ) ) ;

DocumentWriter documentWriter = new DocumentWriter (
outputF i l eD i r e c to ry + ”\\” +
txtareaFileName . getText ( ) ) ;

t ry {
i f ( btnGrpOutputFile . g e t S e l e c t i o n ( ) . equa l s (
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rdbtnTwoFiles . getModel ( ) ) ) {
documentWriter . wr i t ePos i t i veAndNegat iveF i l e s (

c l a s s i f i edDocuments ) ;
}
e l s e i f ( btnGrpOutputFile . g e t S e l e c t i o n ( ) . equa l s (

rdbtnOneFile . getModel ( ) ) ) {
documentWriter . wr i teToFi l e ( c l a s s i f i edDocuments ) ;
}

c l a s s i f y i n g . s e tV i s i b l e ( f a l s e ) ;
JOptionPane . showMessageDialog ( nul l ,
” Po s i t i v e Statements : ”
+ c la s s i f i edDocuments . getPosit iveDocuments ( ) . s i z e ( )
+ ”\n” + ”Negative Statements : ”
+ c la s s i f i edDocuments . getNegativeDocuments ( ) . s i z e ( ) ) ;
}

catch ( IOException i o e ) {
System . out . p r i n t l n (” IOException ! ! ! ” ) ;

}
}

} ;

t imer . schedu le ( task , 500 ) ;
}

}
}

pr i va t e void se tEnab l edClas s i f y ingButtons ( boolean enabled ) {
btnC la s s i f y . setEnabled ( enabled ) ;
btnBrowse . setEnabled ( enabled ) ;
txtareaFileName . setEnabled ( enabled ) ;
txtarea Input . setEnabled ( enabled ) ;
rdbtnTwoFiles . setEnabled ( enabled ) ;
rdbtnOneFile . setEnabled ( enabled ) ;

}

pr i va t e void setEnabledPreprocess ingMethods ( boolean enabled ) {
chckbxTextNormalization . setEnabled ( enabled ) ;
chckbxNegationHandling . setEnabled ( enabled ) ;
chckbxNoiseWordsElimination . setEnabled ( enabled ) ;
chckbxEmoticonConversion . setEnabled ( enabled ) ;
chckbxInf latedOrDer ived . setEnabled ( enabled ) ;

}

pr i va t e void resetPerformanceTextPanes ( ) {
tx tpnPrec i s i on . setText ( ” ” ) ;
txtpnReca l l . setText ( ” ” ) ;
txtpnAccuracy . setText ( ” ” ) ;
txtpnF1score . setText ( ” ” ) ;

}

pr i va t e void setPer formanceEditab le ( boolean ed i t ab l e ) {
tx tpnPrec i s i on . s e tEd i t ab l e ( e d i t ab l e ) ;
txtpnReca l l . s e tEd i t ab l e ( e d i t ab l e ) ;
txtpnAccuracy . s e tEd i t ab l e ( e d i t ab l e ) ;
txtpnF1score . s e tEd i t ab l e ( e d i t ab l e ) ;

}
}

import java . u t i l . ArrayList ;

pub l i c c l a s s Preproces so r {

boolean normalizeText ;
boolean handleNegat ions ;
boolean el iminateNoiseWords ;
boolean convertEmoticons ;
boolean reduceInf latedOrDerivedWords ;

p r i va t e ArrayList<Str ing> p r epo s i t i o n s ;
p r i va t e ArrayList<Str ing> con junct i ons ;
p r i va t e ArrayList<Str ing> determiners ;
p r i va t e ArrayList<Str ing> pos i t iveEmot icons ;
p r i va t e ArrayList<Str ing> negativeEmoticons ;
p r i va t e ArrayList<Str ing> urlDomains ;

pub l i c Preproces so r ( boolean normalizeText , boolean handleNegations ,
boolean el iminateNoiseWords , boolean convertEmoticons ,
boolean reduceInf latedOrDerivedWords ) {

t h i s . normalizeText = normalizeText ;
t h i s . handleNegat ions = handleNegat ions ;
t h i s . e l iminateNoiseWords = el iminateNoiseWords ;
t h i s . convertEmoticons = convertEmoticons ;
t h i s . reduceInf latedOrDerivedWords = reduceInf latedOrDerivedWords ;

}

pub l i c BagOfWords preproce s s (BagOfWords bow) {

i f ( convertEmoticons ) {
l oadPos i t iveEmot icons ( ) ;

54



loadNegativeEmoticons ( ) ;

bow = convertEmoticons (bow ) ;
}

i f ( reduceInf latedOrDerivedWords ) {
bow = reduceInf latedOrDerivedWords (bow ) ;
bow . deleteBlankWords ( ) ;

}

i f ( e l iminateNoiseWords ) {
l o adPrepo s i t i on s ( ) ;
loadConjunct ions ( ) ;
loadDeterminers ( ) ;

bow = el iminateNoiseWords (bow ) ;
}

i f ( handleNegat ions ) {
bow = handleNegat ions (bow ) ;

}

i f ( normalizeText ) {
loadUrlDomains ( ) ;

bow = normalizeText (bow ) ;
bow . deleteBlankWords ( ) ;

}

re turn bow ;
}

// remove hashtags and usernames
// convert to smal l l e t t e r s
// remove symbols , punctuat ions
// remove repea t ing l e t t e r s
// remove URLs
pr i va t e BagOfWords normalizeText (BagOfWords bow){

f o r ( i n t i = 0 ; i < bow . s i z e ( ) ; i++) {

i f (bow . get ( i ) . charAt (0) == ’#’ | | bow . get ( i ) . charAt (0) == ’@’
| | containsURL (bow . get ( i ) ) ) {

bow . remove ( i ) ;
i−−;

}
e l s e {

bow . s e t ( i , bow . get ( i ) . toLowerCase ( ) ) ;
bow . s e t ( i , removeSpec ia lCharacters (bow . get ( i ) ) ) ;
bow . s e t ( i , removeRepeatingCharacters (bow . get ( i ) ) ) ;

}
}

re turn bow ;
}

// not + word
// p r e f i x to not word
pr i va t e BagOfWords handleNegat ions (BagOfWords bow){

f o r ( i n t i = 0 ; i < bow . s i z e ( ) ; i++) {
i f (bow . get ( i ) . toLowerCase ( ) . equa l s (”n ’ t ” ) ) {

bow . s e t ( i , ”not ” ) ;
}
e l s e i f (bow . get ( i ) . toLowerCase ( ) . endsWith (”n ’ t ” ) ) {

bow . s e t ( i , bow . get ( i ) . sub s t r i ng (0 , bow . get ( i ) . l ength ( ) − 3 ) ) ;
bow . add ( i +1, ”not ” ) ;

}
e l s e i f (bow . get ( i ) . toLowerCase ( ) . s tartsWith (” de ”) | |

bow . get ( i ) . toLowerCase ( ) . s tartsWith (”un”) | |
bow . get ( i ) . toLowerCase ( ) . s tartsWith (” im”) | |
bow . get ( i ) . toLowerCase ( ) . s tartsWith (” i r ”) | |
bow . get ( i ) . toLowerCase ( ) . s tartsWith (” i l ”) | |
bow . get ( i ) . toLowerCase ( ) . s tartsWith (” in ”) ) {

bow . s e t ( i , ” not ” + bow . get ( i ) . sub s t r i ng ( 2 ) ) ;
}
e l s e i f (bow . get ( i ) . toLowerCase ( ) . s tartsWith (”mis ”) | |

bow . get ( i ) . toLowerCase ( ) . s tartsWith (”non”) | |
bow . get ( i ) . toLowerCase ( ) . s tartsWith (” d i s ” ) ) {

bow . s e t ( i , ” not ” + bow . get ( i ) . sub s t r i ng ( 3 ) ) ;
}

i f (bow . get ( i ) . toLowerCase ( ) . equa l s (” not ”) && i != bow . s i z e ( ) − 1) {
bow . s e t ( i , ” not ” + bow . get ( i +1)) ;
bow . remove ( i +1);

}
}

re turn bow ;
}
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// remove p r epo s i t i on s , conjunct ions , determiners
p r i va t e BagOfWords el iminateNoiseWords (BagOfWords bow) {

f o r ( i n t i = 0 ; i < bow . s i z e ( ) ; i++) {
i f ( isNoiseWord (bow . get ( i ) . toLowerCase ( ) ) ) {

bow . remove ( i ) ;
i−−;

}
}

re turn bow ;
}

pr i va t e BagOfWords convertEmoticons (BagOfWords bow){
f o r ( i n t i = 0 ; i < bow . s i z e ( ) ; i++) {

i f ( pos i t iveEmot icons . conta ins (bow . get ( i ) ) ) {
bow . s e t ( i , ” po s i t i v e emot i c on ” ) ;

}
e l s e i f ( negat iveEmoticons . conta ins (bow . get ( i ) ) ) {

bow . s e t ( i , ” negat ive emot icon ” ) ;
}

}

re turn bow ;
}

// connect , connected , connect ion , connect ing
p r i va t e BagOfWords reduceInf latedOrDerivedWords (BagOfWords bow) {

f o r ( i n t i = 0 ; i < bow . s i z e ( ) ; i++) {
i f (bow . get ( i ) . toLowerCase ( ) . endsWith (” ed ”) ) {

bow . s e t ( i , bow . get ( i ) . sub s t r i ng (0 , bow . get ( i ) . l ength ( ) − 2 ) ) ;
}
e l s e i f (bow . get ( i ) . toLowerCase ( ) . endsWith (” ion ”) | |

(bow . get ( i ) . toLowerCase ( ) . endsWith (” ing ” ) ) ) {

bow . s e t ( i , bow . get ( i ) . sub s t r i ng (0 , bow . get ( i ) . l ength ( ) − 3 ) ) ;
}

}

re turn bow ;
}

pr i va t e boolean containsURL ( St r ing s t r i n g ) {
f o r ( i n t i = 0 ; i < urlDomains . s i z e ( ) ; i++) {

i f ( s t r i n g . conta in s ( urlDomains . get ( i ) ) ) {
re turn true ;

}
}

re turn f a l s e ;
}

pr i va t e St r ing removeSpec ia lCharacters ( S t r ing s t r i n g ) {
St r ingBu i ld e r sb = new St r ingBu i ld e r ( s t r i n g ) ;

f o r ( i n t i = 0 ; i < sb . l ength ( ) ; i++) {
i f ( ! Character . i sA lphabe t i c ( sb . charAt ( i ) ) &&

! Character . i sD i g i t ( sb . charAt ( i ) )
&& ! ( sb . charAt ( i ) == ’ ’ ) ) {

sb . deleteCharAt ( i ) ;
i−−;

}
}

re turn sb . t oS t r i ng ( ) ;
}

pr i va t e St r ing removeRepeatingCharacters ( S t r ing s t r i n g ) {
St r ingBu i ld e r sb = new St r ingBu i ld e r ( s t r i n g ) ;

f o r ( i n t i = 0 ; i < sb . l ength ( ) − 2 ; i++) {
i f ( sb . charAt ( i ) == sb . charAt ( i +1) && sb . charAt ( i ) == sb . charAt ( i +2)) {

sb . deleteCharAt ( i +2);
i−−;

}
}

re turn sb . t oS t r i ng ( ) ;
}

pr i va t e boolean isNoiseWord ( St r ing s t r i n g ) {
i f ( p r e po s i t i o n s . conta in s ( s t r i n g ) | | con junct i ons . conta in s ( s t r i n g )

| | determiners . conta in s ( s t r i n g ) ) {

re turn true ;
}
e l s e {

re turn f a l s e ;
}
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}

pr i va t e void l oadPrepo s i t i on s ( ) {
p r epo s i t i o n s = new ArrayList<Str ing >() ;

p r e po s i t i o n s . add (” aboard ” ) ;
p r e po s i t i o n s . add (” about ” ) ;
p r e po s i t i o n s . add (” above ” ) ;
p r e po s i t i o n s . add (” ac ro s s ” ) ;
p r e po s i t i o n s . add (” a f t e r ” ) ;
p r e po s i t i o n s . add (” aga in s t ” ) ;
p r e po s i t i o n s . add (” ahead ” ) ;
p r e po s i t i o n s . add (” along ” ) ;
p r e po s i t i o n s . add (” a l ong s id e ” ) ;
p r e po s i t i o n s . add (” amid ” ) ;
p r e po s i t i o n s . add (”among ” ) ;
p r e po s i t i o n s . add (” apart ” ) ;
p r e po s i t i o n s . add (” around ” ) ;
p r e po s i t i o n s . add (” a s ide ” ) ;
p r e po s i t i o n s . add (” as ” ) ;
p r e po s i t i o n s . add (” at ” ) ;
p r e po s i t i o n s . add (” atop ” ) ;
p r e po s i t i o n s . add (” bar r ing ” ) ;
p r e po s i t i o n s . add (” be f o r e ” ) ;
p r e po s i t i o n s . add (” behind ” ) ;
p r e po s i t i o n s . add (” below ” ) ;
p r e po s i t i o n s . add (” beneath ” ) ;
p r e po s i t i o n s . add (” bes ide ” ) ;
p r e po s i t i o n s . add (” be s i d e s ” ) ;
p r e po s i t i o n s . add (” between ” ) ;
p r e po s i t i o n s . add (” beyond ” ) ;
p r e po s i t i o n s . add (” but ” ) ;
p r e po s i t i o n s . add (”by ” ) ;
p r e po s i t i o n s . add (” concern ing ” ) ;
p r e po s i t i o n s . add (” con s i d e r i ng ” ) ;
p r e po s i t i o n s . add (” de sp i t e ” ) ;
p r e po s i t i o n s . add (”down ” ) ;
p r e po s i t i o n s . add (” during ” ) ;
p r e po s i t i o n s . add (” except ” ) ;
p r e po s i t i o n s . add (” f o r ” ) ;
p r e po s i t i o n s . add (” from ” ) ;
p r e po s i t i o n s . add (” in ” ) ;
p r e po s i t i o n s . add (” i n s i d e ” ) ;
p r e po s i t i o n s . add (” in s t ead ” ) ;
p r e po s i t i o n s . add (” in to ” ) ;
p r e po s i t i o n s . add (” l i k e ” ) ;
p r e po s i t i o n s . add (” near ” ) ;
p r e po s i t i o n s . add (” nearby ” ) ;
p r e po s i t i o n s . add (” o f ” ) ;
p r e po s i t i o n s . add (” o f f ” ) ;
p r e po s i t i o n s . add (” on ” ) ;
p r e po s i t i o n s . add (” onto ” ) ;
p r e po s i t i o n s . add (” oppos i t e ” ) ;
p r e po s i t i o n s . add (” out ” ) ;
p r e po s i t i o n s . add (” out s ide ” ) ;
p r e po s i t i o n s . add (” over ” ) ;
p r e po s i t i o n s . add (” past ” ) ;
p r e po s i t i o n s . add (” regard ing ” ) ;
p r e po s i t i o n s . add (” round ” ) ;
p r e po s i t i o n s . add (” s i n c e ” ) ;
p r e po s i t i o n s . add (” through ” ) ;
p r e po s i t i o n s . add (” throughout ” ) ;
p r e po s i t i o n s . add (” t i l l ” ) ;
p r e po s i t i o n s . add (” to ” ) ;
p r e po s i t i o n s . add (” toward ” ) ;
p r e po s i t i o n s . add (” under ” ) ;
p r e po s i t i o n s . add (” underneath ” ) ;
p r e po s i t i o n s . add (” un t i l ” ) ;
p r e po s i t i o n s . add (” unto ” ) ;
p r e po s i t i o n s . add (”up ” ) ;
p r e po s i t i o n s . add (”upon ” ) ;
p r e po s i t i o n s . add (” with ” ) ;
p r e po s i t i o n s . add (” with in ” ) ;
p r e po s i t i o n s . add (” without ” ) ;

}

pr i va t e void loadConjunct ions ( ) {
con junct i ons = new ArrayList<Str ing >() ;

con junct i ons . add (” and ” ) ;
con junct i ons . add (” but ” ) ;
con junct i ons . add (” f o r ” ) ;
con junct i ons . add (” nor ” ) ;
con junct i ons . add (” or ” ) ;
con junct i ons . add (” so ” ) ;
con junct i ons . add (” yet ” ) ;
con junct i ons . add (” both ” ) ;
con junct i ons . add (” e i t h e r ” ) ;
con junct i ons . add (” ne i th e r ” ) ;
con junct i ons . add (” whether ” ) ;
con junct i ons . add (” a f t e r ” ) ;
con junct i ons . add (” although ” ) ;
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con junct i ons . add (” as ” ) ;
con junct i ons . add (” because ” ) ;
con junct i ons . add (” be f o r e ” ) ;
con junct i ons . add (”how” ) ;
con junct i ons . add (” i f ” ) ;
con junct i ons . add (” l e s t ” ) ;
con junct i ons . add (” provided ” ) ;
con junct i ons . add (” s i n c e ” ) ;
con junct i ons . add (” than ” ) ;
con junct i ons . add (” that ” ) ;
con junct i ons . add (” though ” ) ;
con junct i ons . add (” t i l l ” ) ;
con junct i ons . add (” un l e s s ” ) ;
con junct i ons . add (” un t i l ” ) ;
con junct i ons . add (”when ” ) ;
con junct i ons . add (” whenever ” ) ;
con junct i ons . add (”where ” ) ;
con junct i ons . add (” wherever ” ) ;
con junct i ons . add (” whi le ” ) ;
con junct i ons . add (” acco rd ing ly ” ) ;
con junct i ons . add (” again ” ) ;
con junct i ons . add (” a l s o ” ) ;
con junct i ons . add (” be s i d e s ” ) ;
con junct i ons . add (” consequent ly ” ) ;
con junct i ons . add (” f i n a l l y ” ) ;
con junct i ons . add (” furthermore ” ) ;
con junct i ons . add (” however ” ) ;
con junct i ons . add (” indeed ” ) ;
con junct i ons . add (”moreover ” ) ;
con junct i ons . add (” n ev e r t h e l e s s ” ) ;
con junct i ons . add (” otherwi se ” ) ;
con junct i ons . add (” then ” ) ;
con junct i ons . add (” t h e r e f o r e ” ) ;
con junct i ons . add (” thus ” ) ;

}

pr i va t e void loadDeterminers ( ) {
determiners = new ArrayList<Str ing >() ;

determiners . add (” the ” ) ;
determiners . add (”my” ) ;
determiners . add (” your ” ) ;
determiners . add (” h i s ” ) ;
determiners . add (” her ” ) ;
determiners . add (” i t s ” ) ;
determiners . add (” our ” ) ;
determiners . add (” t h e i r ” ) ;
determiners . add (”whose ” ) ;
determiners . add (” t h i s ” ) ;
determiners . add (” that ” ) ;
determiners . add (” these ” ) ;
determiners . add (” those ” ) ;
determiners . add (”which ” ) ;
determiners . add (” a ” ) ;
determiners . add (” an ” ) ;
determiners . add (” any ” ) ;
determiners . add (” another ” ) ;
determiners . add (” other ” ) ;
determiners . add (”what ” ) ;

}

pr i va t e void loadPos i t iveEmot icons ( ) {
pos i t iveEmot icons = new ArrayList<Str ing >() ;

pos i t iveEmot icons . add (” : − )”) ;
pos i t iveEmot icons . add ( ” : ) ” ) ;
pos i t iveEmot icons . add (” : − ] ” ) ;
pos i t iveEmot icons . add ( ” : ] ” ) ;
pos i t iveEmot icons . add (” :−3”) ;
pos i t iveEmot icons . add ( ” : 3 ” ) ;
pos i t iveEmot icons . add(”:−>”);
pos i t iveEmot icons . add (” : >”) ;
pos i t iveEmot icons . add (”8−)”);
pos i t iveEmot icons . add ( ” 8 ) ” ) ;
pos i t iveEmot icons . add (”:−}”) ;
pos i t iveEmot icons . add ( ” : } ” ) ;
pos i t iveEmot icons . add ( ” : o ) ” ) ;
pos i t iveEmot icons . add ( ” : c ) ” ) ;
pos i t iveEmot icons . add ( ” : ˆ ) ” ) ;
pos i t iveEmot icons . add (”=]” ) ;
pos i t iveEmot icons . add (”=)”) ;
pos i t iveEmot icons . add(”:−D” ) ;
pos i t iveEmot icons . add ( ” :D” ) ;
pos i t iveEmot icons . add(”8−D” ) ;
pos i t iveEmot icons . add (”8D” ) ;
pos i t iveEmot icons . add (”x−D” ) ;
pos i t iveEmot icons . add (”xD” ) ;
pos i t iveEmot icons . add (”X−D” ) ;
pos i t iveEmot icons . add (”XD” ) ;
pos i t iveEmot icons . add(”=D” ) ;
pos i t iveEmot icons . add (”=3”);
pos i t iveEmot icons . add (”BˆD” ) ;
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pos i t iveEmot icons . add (” : − ) )” ) ;
pos i t iveEmot icons . add (” : ’ − )” ) ;
pos i t iveEmot icons . add ( ” : ’ ) ” ) ;

}

pr i va t e void loadNegativeEmoticons ( ) {
negativeEmoticons = new ArrayList<Str ing >() ;

negat iveEmoticons . add (” : − (”) ;
negat iveEmoticons . add ( ” : ( ” ) ;
negat iveEmoticons . add(”:− c ” ) ;
negat iveEmoticons . add ( ” : c ” ) ;
negat iveEmoticons . add(”:−<”);
negat iveEmoticons . add (” : <”) ;
negat iveEmoticons . add (” : − [ ” ) ;
negat iveEmoticons . add ( ” : [ ” ) ;
negat iveEmoticons . add ( ” : −| |” ) ;
negat iveEmoticons . add (” > : [ ” ) ;
negat iveEmoticons . add ( ” : { ” ) ;
negat iveEmoticons . add ( ” :@” ) ;
negat iveEmoticons . add (” > : (” ) ;
negat iveEmoticons . add (” : ’ − (” ) ;
negat iveEmoticons . add ( ” : ’ ( ” ) ;
negat iveEmoticons . add (”D− ’ : ” ) ;
negat iveEmoticons . add (”D: <”);
negat iveEmoticons . add (”D: ” ) ;
negat iveEmoticons . add (”D8” ) ;
negat iveEmoticons . add (”D; ” ) ;
negat iveEmoticons . add (”D=”);
negat iveEmoticons . add (”DX” ) ;

}

pr i va t e void loadUrlDomains ( ) {
urlDomains = new ArrayList<Str ing >() ;

urlDomains . add ( ” . com” ) ;
urlDomains . add ( ” . org ” ) ;
urlDomains . add ( ” . net ” ) ;
urlDomains . add ( ” . i n t ” ) ;
urlDomains . add ( ” . edu ” ) ;
urlDomains . add ( ” . gov ” ) ;
urlDomains . add ( ” . mil ” ) ;

}
}

import java . awt . BorderLayout ;
import java . awt . Color ;

import javax . swing . ImageIcon ;
import javax . swing . JLabel ;
import javax . swing . JPanel ;
import javax . swing . JWindow ;

pub l i c c l a s s SplashScreen extends JWindow {
pr i va t e i n t durat ion ;

pub l i c SplashScreen ( i n t d) {
durat ion = d ;

}

pub l i c void showSplash ( ) {
JPanel content = ( JPanel ) getContentPane ( ) ;
content . setBackground ( Color . white ) ;
setBounds (100 , 100 , 600 , 300 ) ;
s e tLocat ionRe lat iveTo ( nu l l ) ;

JLabel l a b e l = new JLabel (new ImageIcon (
t h i s . ge tC las s ( ) . getResource (”/ images / sp lash2 .PNG” ) ) ) ;
content . add ( l abe l , BorderLayout .CENTER) ;

s e tV i s i b l e ( t rue ) ;

t ry {
Thread . s l e ep ( durat ion ) ;

}
catch ( Exception e ) {}

s e tV i s i b l e ( f a l s e ) ;
}

}

pub l i c c l a s s Va l idator {
pr i va t e double p r e c i s i o n ;
p r i va t e double accuracy ;
p r i va t e double r e c a l l ;
p r i va t e double f 1Score ;
p r i va t e i n t k = 10 ;
p r i va t e LabeledDocuments trainingDocuments ;

59



pub l i c Va l idator ( LabeledDocuments trainingDocuments , Preproces sor p r ep roc e s so r ) {
t h i s . trainingDocuments = trainingDocuments ;

LabeledDocuments t r a i n i n gS e t = new LabeledDocuments ( ) ;
LabeledDocuments t e s t i n gS e t = new LabeledDocuments ( ) ;

double p r e c i s i onVa lue s [ ] = new double [ k ] ;
double accuracyValues [ ] = new double [ k ] ;
double r e c a l lVa l u e s [ ] = new double [ k ] ;
double f 1Sco r e s [ ] = new double [ k ] ;

i n t t r u ePo s i t i v e ;
i n t t rueNegat ive ;
i n t f a l s e P o s i t i v e ;
i n t f a l s eNega t i v e ;

i f ( trainingDocuments . s i z e ( ) < 10) {
k = trainingDocuments . s i z e ( ) ;

}

f o r ( i n t i = 0 ; i < k ; i++) {
t r u ePo s i t i v e = 0 ;
t rueNegat ive = 0 ;
f a l s e P o s i t i v e = 0 ;
f a l s eNega t i v e = 0 ;

t r a i n i n gS e t = getTra in ingSet ( i ) ;
t e s t i n gS e t = getTest ingSet ( i ) ;

Model model = new Model ( t ra in ingSe t , p r ep roce s so r ) ;

f o r ( i n t h = 0 ; h < t e s t i n gS e t . s i z e ( ) ; h++) {
LabeledDocument document = t e s t i n gS e t . get (h ) ;

i f (model . i s P o s i t i v e ( document . getDocument ( ) ) ) {
i f ( document . g e tPo l a r i t y ( ) == 1) {

t r u ePo s i t i v e++;
}
e l s e {

f a l s e P o s i t i v e++;
}

}
e l s e {

i f ( document . g e tPo l a r i t y ( ) == 0) {
t rueNegat ive++;

}
e l s e {

f a l s eNega t i v e++;
}

}
}

pr e c i s i onVa lue s [ i ] = computePrec is ion ( t ruePos i t i v e , f a l s e P o s i t i v e ) ;
accuracyValues [ i ] = computeAccuracy ( t ruePos i t i v e , trueNegat ive ,

f a l s eP o s i t i v e , f a l s eNega t i v e ) ;
r e c a l lVa l u e s [ i ] = computeRecall ( t ruePos i t i v e , f a l s eNega t i v e ) ;
f 1Sco r e s [ i ] = computeF1Score ( p r e c i s i onVa lue s [ i ] , r e c a l lVa l u e s [ i ] ) ;

}

p r e c i s i o n = getAverage ( p r e c i s i onVa lue s ) ;
accuracy = getAverage ( accuracyValues ) ;
r e c a l l = getAverage ( r e c a l lVa l u e s ) ;
f 1Score = getAverage ( f 1Sco r e s ) ;

}

pr i va t e LabeledDocuments getTra in ingSet ( i n t index ) {
LabeledDocuments t r a i n i n gS e t = new LabeledDocuments ( ) ;

f o r ( i n t i = 0 ; i < trainingDocuments . s i z e ( ) ; i++) {
i f ( i%10 != index ) {

t r a i n i n gS e t . add ( trainingDocuments . get ( i ) ) ;
}

}

re turn t r a i n i n gS e t ;
}

pr i va t e LabeledDocuments getTest ingSet ( i n t index ) {
LabeledDocuments t e s t i n gS e t = new LabeledDocuments ( ) ;

f o r ( i n t i = 0 ; i < trainingDocuments . s i z e ( ) ; i++) {
i f ( i%10 == index ) {

t e s t i n gS e t . add ( trainingDocuments . get ( i ) ) ;
}

}

re turn t e s t i n gS e t ;
}

pr i va t e double getAverage ( double [ ] va lues ) {
double sum = 0 ;
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f o r ( i n t i = 0 ; i < k ; i++) {
sum = sum + values [ i ] ;

}

re turn sum / k ;
}

pr i va t e double computePrec is ion ( i n t t ruePos i t i v e , i n t f a l s e P o s i t i v e ) {
re turn ( double ) ( t r u ePo s i t i v e /

( double ) ( t r u ePo s i t i v e + f a l s e P o s i t i v e ) ) ;
}

pr i va t e double computeAccuracy ( i n t t ruePos i t i v e , i n t trueNegat ive ,
i n t f a l s eP o s i t i v e , i n t f a l s eNega t i v e ) {

re turn ( double ) ( t r u ePo s i t i v e + trueNegat ive ) /
( double ) ( t r u ePo s i t i v e + trueNegat ive + f a l s e P o s i t i v e + f a l s eNega t i v e ) ;

}

pr i va t e double computeRecall ( i n t t ruePos i t i v e , i n t f a l s eNega t i v e ) {
re turn ( double ) ( t r u ePo s i t i v e ) /

( double ) ( t r u ePo s i t i v e + f a l s eNega t i v e ) ;
}

pr i va t e double computeF1Score ( double p r e c i s i on , double r e c a l l ) {
re turn (2 ∗ p r e c i s i o n + r e c a l l ) /

( p r e c i s i o n + r e c a l l ) ;
}

pub l i c double g e tP r e c i s i on ( ) {
re turn p r e c i s i o n ;

}

pub l i c double getAccuracy ( ) {
re turn accuracy ;

}

pub l i c double ge tReca l l ( ) {
re turn r e c a l l ;

}

pub l i c double getF1Score ( ) {
re turn f1Score ;

}
}
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