

SENTIMENTAL ANALYSIS USING A CODE-MIX DATASET OF TAMIL-ENGLISH
ABSTRACT

This paper describes the development of a multilingual, manually annotated dataset for three under-resourced Dravidian languages generated from social media comments. The dataset was annotated for sentiment analysis and offensive language identification for a total of more than 60,000 YouTube comments. The dataset consists of around 44,000 comments in Tamil-English, around 7,000 comments in Kannada-English, and around 20,000 comments in Malayalam-English. The data was manually annotated by volunteer annotators and has a high inter-annotator agreement in Krippendorff’s alpha. The dataset contains all types of code-mixing phenomena since it comprises user-generated content from a multilingual country. We also present baseline experiments to establish benchmarks on the dataset using machine learning methods. The dataset is available on Github and Zenodo.
TABLE OF CONTENTS

	CHAPTER NO
	
	TITLES
	PAGE NO

	
	
	ABSTRACT
	ii

	1
	1.1
	INTRODUCTION
	1

	
	1.2
	RAW DATA
	4

	
	1.3
	CODE-MIXING
	5

	
	1.4 
	METHODOLOGY OF ANNOTATION
	6

	
	
	1.4.1 Annotation Process 
	6

	
	
	1.4.2 Sentiment Analysis 
	7

	
	
	1.4.3 Offensive Language Identification 
	7

	
	
	1.4.4 Inter-annotator agreement 
	8

	
	1.5
	UNSUPERVISED SELF-TRAINING
	9

	
	1.6
	SENTIMENT ANALYSIS
	11

	
	1.7
	ISSUES IN SENTIMENT ANALYSIS OF MULTILINGUAL TEXT
	13

	
	1.8
	APPROACH
	14

	
	1.9
	MODULES DESCRIPTION
	19

	2
	
	LITERATURE SURVEY
	25

	
	2.1
	EXISTING SYSTEM
	32

	
	
	2.1.1 Disadvantage of existing system
	32

	
	2.2
	PROPOSED SYSTEM
	32

	
	
	2.2.1 Advantage of proposed system
	33

	
	2.3
	FEASIBILITY STUDY
	34

	
	
	2.3.1 Economical feasibility
	34

	
	
	2.3.2 Technical feasibility
	34

	
	
	2.3.3 Operational feasibility
	35

	3
	
	SYSTEM SPECIFICATIONS
	36

	
	3.1
	HARDWARE REQUIREMENT
	36

	
	3.2
	SOFTWARE REQUIREMENT
	36

	4
	
	SYSTEM DESIGN AND DEVELOPMENT
	37

	5
	
	TESTING AND IMPLEMENTATION
	38

	
	5.1
	TESTING
	38

	
	
	5.1.1 Unit testing
	38

	
	
	5.1.2  Block box testing
	38

	
	5.2
	SYSTEM IMPLEMENTATION
	38

	6
	
	RESULT AND DISCUSSION
	39

	7
	
	CONCLUSION
	41

	
	
	REFERENCES
	

42


CHAPTER 1
1.1  INTRODUCTION

Sentiment analysis is the classification task of mining sentiments from natural language, which finds use in numerous applications such as reputation management, customer support, and moderating content in social media (Wilson et al., 2005; Agarwal et al., 2011; Thavareesan and Mahesan, 2019, 2020a). Sentiment analysis has helped industry to compile a summary of human perspectives and interests derived from feedback or even just the polarity of comments (Pang and Lee, 2004; Thavareesan and Mahesan, 2020b). Offensive language identification is another classification task in natural language processing (NLP), where the aim is to moderate and minimise offensive content in social media. In recent years, sentiment analysis and offensive language identification have gained significant interest in the field of NLP. Social media websites and product review forums provide opportunities for users to create content in informal settings. Moreover, to improve user experience, these platforms ensure that the user communicates his/her opinion in such a way that he/she feels comfortable either using native language or switching between one or more languages in the same conversation (Vyas et al., 2014). However, most NLP systems are trained on languages in formal settings with proper grammar, which creates issues when it comes to the analysis phase of "user generated" comments (Chanda et al., 2016; Pratapa et al., 2018). Further, most of the developments in sentiment analysis and offensive language identification systems are performed on monolingual data for high-resource languages, while the user-generated content in under-resourced settings are often mixed with English or other high-resource languages (Winata et al., 2019; Jose et al., 2020). Code-mixing or code-switching is the alternation between two or more languages at the level of the document, paragraph, comments, sentence, phrase, word or morpheme. It is a distinctive aspect of conversation or dialogue in bilingual and multilingual societies (Barman et al., 2014). It is motivated by structural, discourse, pragmatic and socio-linguistic reasons (Sridhar, 1978). Most of the social media comments are code-mixed, while the resources created for sentiment analysis and offensive language identification are primarily available for monolingual texts. Code-mixing occurs in daily life, such as in normal conversation or social media conversation in both audio and text format. Code-mixing refers to the way a bilingual/ multilingual speaker changes his or her utterance into another language. The vast majority of language pairs are under-resourced with regards to code-mixing tasks (Bali et al., 2014; Jose et al., 2020). In this paper, we describe the creation of a corpus for Dravidian languages in the context of sentiment analysis and offensive language detection tasks. Dravidian languages are spoken mainly in the south of India (Chakravarthi et al., 2020c). The four major literary languages belonging to the language family are Tamil (ISO 639-3: tam), Telugu (ISO 639-3: tel), Malayalam (ISO 639-3: mal), and Kannada (ISO 639-3: kan). Tamil, Malayalam and Kannada fall under the South Dravidian subgroup while Telugu belongs to the South Central Dravidian subgroup (Vikram and Urs, 2007). Each of the four languages has official status as one of the 22 scheduled languages recognised by the Government of India. Tamil also has official status in Sri Lanka and Singapore (Thamburaj and Rengganathan, 2015). Although the languages are widely spoken by millions of people, the tools and resources available for building robust NLP applications are under-developed for these languages. Dravidian languages are highly agglutinating languages and each language uses its own script (Krishnamurti, 2003; Sakuntharaj and Mahesan, 2016, 2017). The writing system is a phonemic abugida written from left to right. The Tamil language was written using Tamili, Vattezhuthu, Chola, Pallava and Chola-Pallava scripts at different points in history. The modern Tamil script descended from the Chola-Pallava script that was conceived around the 4th century CE (Sakuntharaj and Mahesan, 2018a,b). The Malayalam script is based on the Vatteluttu script developed from old Vatteluttu with additional letters from Grantha script to write loan words (Thottingal, 2019). Similarly, the Kannada and Telugu scripts evolved from Bhattiprolu Brahmi. Nevertheless, social media users often use the Latin script for typing in these languages due to its ease of use and accessibility in handheld devices and computers (Thamburaj et al., 2015). Monolingual datasets are available for Indian languages for various research aims (Agrawal et al., 2018; Thenmozhi and Aravindan, 2018; Kumar et al., 2020). However, there have been few attempts to make datasets for Tamil, Kannada and Malayalam code-mixed text (Chakravarthi et al., 2020b,c; Chakravarthi, 2020; Chakravarthi and Muralidaran, 2021). 
We observed all the three types of code-mixed sentences - - Inter-Sentential switch, Intra-Sentential switch and Tag switching. Most comments were written in Roman script with either Tamil grammar with English lexicon or English grammar with Tamil lexicon. Some comments were written in Tamil script with English expressions in between. The following examples illustrate the point.

· Intha padam vantha piragu yellarum Thala ya kondaduvanga. - After the movie release, everybody will celebrate the hero. Tamil words written in Roman script with no English switch. 

· Trailer late ah parthavanga like podunga. - Those who watched the trailer late, please like it. Tag switching with English words. 

· Omg .. use head phones. Enna bgm da saami .. - - OMG! Use your headphones. Good Lord, What a background score! Inter-sentential switch 

· I think sivakarthickku hero getup set aagala. - I think the hero role does not suit Sivakarthick. Intrasentential switch between clauses.
We believe it is essential to come up with approaches to tackle this resource bottleneck so that these languages can be equipped with NLP support in social media in a way that is both cost-effective and rapid. To create resources for a Tamil-English, Kannada-English and Malayalam-English code-mixed scenario, we collected comments on various Tamil, Kannada and Malayalam movie trailers from YouTube.
The contributions of this paper are: 

· We present the dataset for three Dravidian languages, namely Tamil, Kannada, and Malayalam, for sentiment analysis and offensive language identification tasks. 

· The dataset contains all types3 of code-mixing. This is the first Dravidian language dataset to contain all types of code-mixing, including mixtures of these scripts and the Latin script. The dataset consists of around 44,000 comments in Tamil-English, around 7,000 comments in Kannada-English, and around 20,000 comments in Malayalam-English. 

· We provide an experimental analysis of logistic regression, naive Bayes, decision tree, random forest, and SVM on our code-mixed data for classification tasks so as to create a benchmark for further research.
1.2 Raw Data

Online media, for example, Twitter, Facebook or YouTube, contain quickly changing data produced by millions of users that can drastically alter the reputation of an individual or an association. This raises the significance of programmed extraction of sentiments and offensive language used in online social media. YouTube is one of social media which is getting popular in the Indian subcontinent because of the wide range of content available from the platform such as songs, tutorials, product reviews, trailers and so on. YouTube allows users to create content and other users to comment on the content. It allows for more user-generated content in under-resourced languages. Hence, we chose YouTube to extract comments to create our dataset. We chose movie trailers as the topic to collect data because movies are quite popular among the Tamil, Malayalam, and Kannada speaking populace. This increases the chance of getting varied views on one topic. 
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We compiled the comments from different film trailers of Tamil, Kannada, and Malayalam languages from YouTube in the year 2019. The comments were gathered using YouTube Comment Scraper tool5 . We utilized these comments to make the datasets for sentiment analysis and offensive language identification with manual annotations. We intended to collect comments that contain code-mixing at various levels of the text, with enough representation for each sentiment and offensive language classes in all three languages. It was a challenging task to extract the necessary text that suited our intent from the comment section, which was further complicated by the presence of remarks in other non-target languages. As a part of the preprocessing steps to clean the data, we utilized langdetect library 6 to tell different languages apart and eliminate the unintended languages. Examples of code-mixing in Tamil, Kannada and Malayalam corpora along with their translations in English. By keeping data privacy in mind, we made sure that all the user-related information is removed from the corpora. As a part of the text-preprocessing, we removed redundant information such as URL. Since we collected corpora from social media, our corpora contain different types of real-world code-mixed data. Inter-sentential switching is characterised by change of language between sentences where each sentence is written or spoken in one language. Intra-sentential switching occurs within a single sentence, say one of the clause is in one language and the other clause is in the second language. Our corpora contains all forms of code-mixing ranging from purely monolingual texts in native languages to mixing of scripts, words, morphology, inter-sentential and intra-sentential switches. We retained all the instances of code-mixing to faithfully preserve the real-world usage.
1.3 Code-Mixing 

Code-mixing is a phenomenon where the speaker uses two or more languages in a single utterance. It is prominent in multilingual speakers’ social media discourse. Traditionally code-mixing has been associated with inadequate or informal knowledge of the language. However, research has shown that it is frequent in user-generated social media contents. For a multilingual country like India, code-mixing is quite frequent (Barman et al., 2014; Bali et al., 2014; Gupta et al., 2018). As our data comes from YouTube, our Tamil and Malayalam dataset is code-mixed. We have come across all the three types of code-mixing, such as tag, inter-sentential and intra-sentential in our corpus. Our corpus also has code-mixing using Latin script and native script.

1.4 Methodology of Annotation 

We create our corpora for two tasks, namely, sentiment analysis and offensive language identification. We anonymized the data gathered from Youtube in order to protect user privacy. 
1.4.1 Annotation Process 

In order to find volunteers for the annotation process, we contacted students in Indian Institute of Information Technology and Management-Kerala for Malayalam, Indian Institute of Information Technology-Tiruchirapalli and Madurai Kamaraj University for Tamil. For Kannada, we contacted students in Visvesvaraya College of Engineering, Bangalore University. The student volunteer annotators received the link to a Google Form and did the annotations on their personal computers. The authors’ family members also volunteered to annotate the data. We created Google Forms to gather annotations from annotators. Information on gender, education background and medium of schooling were collected to know the diversity of the annotators. The annotators were cautioned that the user remarks may have hostile language. They were given a provision to discontinue with the annotation process in case the content is too upsetting to deal with. They were asked not to be partial to a specific individual, circumstance or occasion during the annotation process. Each Google form had been set to contain up to 100 comments and each page was limited to contain 10 comments. The annotators were instructed to agree that they understood the scheme before they were allowed to proceed further. The annotation setup involved three stages. To begin with, each sentence was annotated by two individuals. In the second step, the data was included in the collection if both the annotations agreed. In the event of contention, a third individual was asked to annotate the sentence. In the third step, in the uncommon case that all the three of them disagreed, at that point, two additional annotators were brought in to label the sentences. Each form was annotated by at least three annotators. 

1.4.2 Sentiment Analysis 

For sentiment analysis, we followed the methodology taken by Chakravarthi et al. (2020c), and involved at least three annotators to label each sentence. The following annotation schema was given to the annotators in English and Dravidian languages.
· Positive state: Comment contains an explicit or implicit clue in the content recommending that the speaker is in a positive state. 

· Negative state: Comment contains an explicit or implicit clue in the content recommending that the speaker is in a negative state.

· Mixed feelings: Comment contains an explicit or implicit clue in both positive and negative feeling. 

· Neutral state: Comment does not contain an explicit or implicit indicator of the speaker’s emotional state.

· Not in intended language: If the comment is not in the intended language. For example, for Tamil, if the sentence does not contain Tamil written in Tamil script or Latin script, then it is not Tamil.

1.4.3 Offensive Language Identification 

We constructed offensive language identification dataset for Dravidian languages at different levels of complexity following the work of Zampieri et al. (2019). More generally we expand this expand to a three-level hierarchical annotation schema. We added a new category Not in intended language to account for comments written in a language other than the intended language. Examples for this are the comments written in other Dravidian languages using Roman script. To simplify the annotation decisions, we split offensive language categories into six labels.
· Not Offensive: Comment does not contain offence or profanity. 

· Offensive Untargeted: Comment contains offence or profanity not directed towards any target. These are the comments which contain unacceptable language without targeting anyone. 

· Offensive Targeted Individual: Comment contains offence or profanity which targets an individual. 

· Offensive Targeted Group: Comment contains offence or profanity which targets a group or a community. 

· Offensive Targeted Other: Comment contains offence or profanity which does not belong to any of the previous two categories (e.g. a situation, an issue, an organization or an event). 

· Not in indented language: If the comment is not in the intended language. For example, in Tamil task, if the sentence does not contain Tamil written in Tamil script or Latin script, then it is not Tamil.

1.4.4 Inter-annotator agreement 

Inter-annotator agreement is a measure of the extent to which the annotators agree in their rating. This is necessary to ensure that the annotation scheme is consistent and that different raters are able to assign the same sentiment label to a given comment. There are two questions related to inter-annotator agreement: How do the annotators agree or disagree in their annotation? How much of the observed agreement or disagreement among the annotators might be due to chance? While the percentage of agreement is fairly straightforward, answering the second question involves defining and modelling what chance is and how to measure the agreement due to chance. There are different inter-annotator agreement measures that are intended to answer this in order to measure the reliability of the annotation. We utilized Krippendorff’s alpha (α) (Krippendorff, 1970) to gauge the agreement between annotators because of the nature of our annotation setup. Krippendorff’s alpha is a rigorous statistical measure that accounts for incomplete data and, consequently, does not require every annotator to annotate every sentence. It is also a measure that considers the level of disagreement between the anticipated classes, which is critical in our annotation scheme. For example, if the annotators differ among Positive and Negative class, this difference is more genuine than when they differ between Mixed feelings and Neutral state.  Krippendorff’s alpha applies to all these metrics. We used nominal and ordinal metric to calculate inter-annotator agreement. The range of α is between ‘0’ and ‘1’, 1 ≥ α ≥ 0. When α is ‘1’ there is perfect agreement between the annotators and when ‘0’ the agreement is entirely due to chance. Care should be taken in interpreting the reliability of the results shown by Krippendorf’s alpha because reliability basically measures the amount of noise in the data. However, the location of noise and the strength of the relationship measured will interfere with the reliability of the estimate. It is customary to require α≥ .800. A reasonable rule of thumb that allows for tentative conclusions to be drawn requires 0.67 ≤ α ≤ 0.8 while α ≥ .653 is the lowest conceivable limit. We used nltk7 for calculating Krippendorff’s alpha (α). 
1.5 Unsupervised Self-Training 

Our proposed algorithm is centred around the idea of creating an unsupervised learning algorithm that is able to harness the power of cross-lingual transfer in the most efficient way possible, with the aim of producing unsupervised sentiment labels. In its most fundamental form, our proposed Unsupervised Self-Training algorithm. We begin by producing zero-shot results for sentiment classification using a selected pre-trained model trained for the same task. From the predictions made, we select the top-N most confident predictions made by the model. The confidence level is judged by the softmax scores. Making the zero-shot predictions and selecting sentences make up the Initialization block. We then use the pseduo-labels predicted by the zero-shot model to fine tune our model. After that, predictions are made on the remaining dataset with the fine-tuned model. We again select sentences based on their softmax scores for fine-tuning the model in the next iteration. These steps are repeated until we’ve gone through the entire dataset or until a stopping condition. At all fine-tuning steps, we only use the predicted pseduo-labels as ground truth to train the model, which makes the algorithm completely unsupervised. As the first set of predicted pseudo-labels are produced by a zero-shot model, our framework is very sensitive to initialization. Care must be taken to initialize the algorithm with a compatible model. For example, for the task of sentiment classification of Hinglish Twitter data, an example of a compatible initial model would be a sentiment classification model trained on either English or Hindi sentiment data. It would be even more compatible if the model was trained on Twitter sentiment data, the data thus being from the same domain.
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Optimizing Performance 

The most important blocks in the Unsupervised Self-Training framework with respect to maximizing performance are the Initialization Block and the Selection Block. To improve initialization, we must choose the most compatible model for the chosen task. Additionally, to improve performance, we can use several training strategies in the Selection Block. In this section we discuss several variants of the Selection Block. As an example, instead of selecting a fixed number of samples N from the dataset in the selection block, we could be selecting a different but fixed number Ni from each class i in the dataset. This would need an understanding of the class distribution of the dataset. We discuss this in later sections. Another variable number of sentences in each iteration, rather than a fixed number. This would give us a selection schedule for the algorithm. We explore some of these techniques in later sections. Other factors can be incorporated in the Selection Block. Selection need not be based on just the most confident predictions. We can have additional selection criteria, for example, incorporating the Token Ratio (defined in section 8) of a particular language in the predicted sentences. Taking the example of a Hinglish dataset, one way to do this would be to select sentences that have a larger amount of Hindi and are within selection threshold. In our experiments, we find that knowing an optimal selection strategy is vital to achieving the maximum performance.

1.6 SENTIMENT ANALYSIS 

Sentiment Analysis of text involves a number of stages starting from collection of data, preprocessing, detection and classification of sentiment, to the presentation of results. Sentiment Analysis can be applied at feature, sentence, and phrase or document level. In feature or aspect based sentiment analysis, we detect the features from the textual input and detect the sentiments expressed by people for each feature. Sentiment Analysis at the sentence level involves two phases: firstly checking the objectivity and subjectivity of the sentence and then classifying the emotions/sentiments into positive, negative and neutral. Phrase level involves analyzing phrases in a sentence in deeper sense to classify them as positive, negative, neutral and objective. For document level Sentiment Analysis, it is necessary that the text contains sentiments about a single entity. Three broad categories of Sentiment Analysis techniques exists which are Lexicon based, Machine Learning (ML) and Deep Learning. To test a particular approach, the researchers use a number of measures. These measures include Accuracy, Precision, Recall and F-measure. These four metrics are defined in terms of True Positive, True Negative, False Positive and False Negative.
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Various Approaches Of Sentiment Analysis
A. Lexicon based Sentiment Analysis 

The Lexicon based approach is based on some predefined rules to determine the sentiment from the text. In this approach, positive and negative feelings are counted to assign positive, negative or neutral score. This approach is used at sentence and document level. To construct a sentiment lexicon, manual construction, dictionary based or corpus based method is followed. The annotated resource consists of words and their corresponding sentiment polarity. The lexicon and dictionary based approach has paved way to machine learning approaches. 

B. Machine learning based Sentiment Analysis 

Machine Learning approach uses syntactic and semantic/pattern mining to identify sentiments. Machine Learning approaches are supervised, unsupervised and semisupervised. Algorithms such as Naïve Bayes, Support Vector Machine, Decision Tree and k-nearest Neighbor are used in Supervised Learning. A training dataset is used by the classifier to learn and train itself to identify the features in the text and a test dataset is used to measure the performance of the classifier. In unsupervised approach, the machine is trained using information that is not labelled or classified. Therefore, the primary task in unsupervised learning is to build a dictionary, used to search and cluster features based on sentiments. A third approach known as semi supervised uses less training data and large volumes of test data. A large number of machine learning problems come under this category, owing to the fact that unlabeled data is easily accessible and cheap as compared to labeled data which is time consuming, expensive and requires expertise. 

C. Deep Learning based Sentiment Analysis 

Deep Learning is a novel method of Machine Learning and it is based on the number of layers in a Neural Network. The main advantage of deep learning is that it extracts features implicitly without giving handcrafted features. Three types of layers are used in Neural Network viz. input, hidden and output layers. Deep learning is a powerful machine learning technique, as deep learning models are more effective in learning features from the text automatically and produce better results. Some of the deep learning models used in NLP tasks are Convolutional Neural Network, Recurrent Neural Network, Long Short-Term Memory Network and Recursive Neural Network.
1.7 ISSUES IN SENTIMENT ANALYSIS OF MULTILINGUAL TEXT 
As we know English is the widely used language on the internet and on the social media. But the hold of general public on the regional languages is strong and these people communicate in their own language especially in a country like India, where a small portion of population knows English. Therefore, the role of regional languages in the social media cannot be undermined. A number of reasons such as deeper connect with audience, increased popularity, business and marketing, and spread of education makes use of local languages favourable on social media. Therefore during the past decade, we see an increase of regional language text on social media platform. However, there are certain issues related to the opinion mining of regional language text data. These include limited volume of labelled dataset, lack of lexical and linguistic tools for languages other than English particularly in Indian languages, complexity and linguistic ambiguity of languages and requirement of content domain methods for better results.

Sentiment analysis or opinion mining from code-mixed data is one of the difficult tasks and the reasons are listed below: 

· Generally, code-mixed data is noisy in nature and it requires cleaning and normalization. 

· It needs several steps such as language identification and POS tagging. 

· There is no sentiment annotated code-mixed lexicon available for any language pairs. 

· The available code-mixed datasets are small in size to perform any unsupervised classification.

There are a lot of areas that needs to be covered when performing sentiment analysis of code-mixed script; such as, Language Identification, POS Tagging, Sentiment scores generation and training the machine learning algorithm to perform the classification.
1.8 APPROACH

The proposed system is a hybrid system that includes both lexicon-based and machine learning based approaches for calculating tweet sentiment from the semantic orientation of words present in the tweet. We describe the methodology defined in detail next. 

A. Lexicon-based Approach 

This approach uses dictionaries of words annotated with their semantic orientation (polarity) to classify text. This polarity classification task assigns a positive or negative label to a text that can capture the texts opinion towards its main subject matter. The overall workflow of the lexicon based approach. The Input module takes a tweet as an input to determine its polarity. The tokenizer module tokenizes the input tweet and performs pre-processing. The English Dictionary and Hindi Dictionary are used, and consist of a list of words and corresponding polarity values compiled into a dictionary. The Polarity Detection module then applies the proposed algorithm on the tweet to predict the overall sentiment of the tweet.
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Architecture of Lexicon Based Approach
1) Corpus Extraction And Data Pre-processing: 

The training data consists of 5000 posts on movies and it was collected using the Facebook API which were published between January to March 2016. Facebook was chosen as it is a more widely used social networking site than other social networking sites. Other sites might provide more security towards the personal data than Facebook, thus constraining the quality of data that can be extracted. The pages from which data was extracted were those which were very popular with 1.8 to 15.5 million “likes”. Also the posts1 having a long thread of comments (50+) were extracted because non-standard usage of language is more common in these comments. The corpus thus created had about 5000 posts and 18000 words. The data was semi-automatically cleaned and formatted. In the case of opinions, all words used in the sentence don’t have same significance. Some words are classified as noise as they don’t affect the process of classifying the polarity of the post. During preprocessing, these noise words are removed by using regular expressions. Extra spaces, hyperlinks and escape sequences are also removed. Emoticons are ignored while forming the English-Hindi lexicon. Exaggeration is removed by replacing repeating letters in a word with thrice that letter, for example ‘gooooooood’ is replaced with ‘goood’. It is replaced with thrice the letter and not twice because there are words where a letter can repeat twice so in order to prevent conversion of one word to another word with a totally different meaning, we convert or replace repeated letters with thrice that letter (in this case an extra ‘o’). 

2) English and Hindi Dictionary Creation: 

The dictionary can be created in different ways - manually, using existing dictionaries or semi-automatically, making use of resources like WordNet. In this paper, the dictionaries for lexiconbased approach were created manually. However, in light of the lack of stability/completeness of automatically generated dictionaries, we decided to create manual ones. These were produced by hand-tagging all words found in our development corpus, a 5000-text corpus of posts on a scale ranging from extremely negative to extremely positive, where 0 indicates a neutral word (excluded from our dictionaries). Positive and negative were decided on the basis of the words prior polarity, that is, its meaning in most contexts.
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Process of Dictionary Creation

A major concern in lexical based approaches is the fast extraction of words from the dictionary. This is achieved by implementing an efficient trie data structure [16] to store the dictionary. To tackle the issue on space and time complexity, we used a trie to store this data, instead of a conventional database. While determining the sentiment of the text, the words are extracted from dictionaries into a trie for efficient and fast search. A trie is an ordered tree data structure that is used to store a dynamic set where the keys are usually strings. Unlike a binary search tree, a node in the tree does not store the key associated with that node but its position in the tree defines the key with which it is associated. This helps in searching words very quickly and efficiently. This trie is used to store the English and Hindi words and their associated polarity is also stored for each word. The trie is initially populated with all the English words taken from Princeton dictionary (http://wordnet.princeton.edu/) while the Hindi word forms in their WX notation were populated from the dictionary provided by IIT Bombay ( http://www.cfilt.iitb.ac.in/ ). 

3) English And Hindi Slang dictionary: 

To tackle issues related to the usage of informal words, word shortening and spelling variations etc., in social network posts, a English and Hindi slang dictionary was also created and merged in the trie. A training corpus of 5000 posts was used to generate a lexicon that contains all the spell variations and slang words commonly used on social media. Language identification of the words in the post was necessary to assign their language tag before adding them to their respective slang dictionary. Algorithm 1 shows the process of using the trie for quick and easy retrieval of words from dictionaries. Initially, the trie is loaded with words from English dictionary, Hindi dictionary, English senti-dictionary, Hindi sentidictionary, English slang dictionary and Hindi slang dictionary before processing new words from the training data. Each new word is first searched in the trie, if it is not present then it is inserted into the appropriate dictionary based on the polarity and language manually. Addition of a new word to either the English or Hindi slang dictionary automatically adds the same word to the trie. This is to prevent addition of the repetitive slang words into the dictionary.
4) Polarity Generation Algorithm: 

Algorithm 2 depicts the process of generating the sentiment polarity using the phrases and sub-phrases in the source languages to produce sentences in mixed languages. The sentence extracts contains a particular sentiment. Ex: “Lagta nahi” and “nahi hai” are negative. To calculate the overall sentiment of the sentence, we combine the sentiment of these sentence extracts incrementally. We start with phrases and sub-phrases particular to a specific language, so that the grammatical structure specific to the language is conserved. Each of the groups or extracts (can be a single word or a group of words) are assigned a sentiment value (1 for negative, 2 for neutral and 3 for positive). When the groups are combined, the resultant sentiment depends on the sentiment of these groups. This can be imagined to be in the form of a tree, so the sentiment that remains at the root gives the overall polarity of the sentence. Let S be an array that stores the strings of an input sentence. cur polarity denotes the polarity of the sentence up to last considered token. P[] stores the polarity of the part of the sentence between two conjunctions or commas. Table I shows the sentiment calculation rules to be followed for assigning polarity, when applying the procedure. 

5) Sentence Polarity Calculation: 

On applying the Polarity prediction algorithm to the testing data, we note that the polarity of the sentence is the sentiment obtained on adding the polarity of all the phrases or sub-phrases. If it is 1 then the sentence is negative, if 2 then neutral, if 3 then positive. For example, considering a post “Wo movie jabardast he”, on applying the Polarity Detection Algorithm, we get the scores assigned to each of the constituent words as follows: {Wo(0) + movie(0) + jabardast(1) + he(0)} Here, we get an array which stores 1 and hence the sentence is positive. Considering an example with a conjunction “Wo movie creative and achi he”, on processing this we get an expression {wo(0) + movie(0) + creative(1) + achi(1)+ he(0)}. Here, the array stores 2 elements consisting of 1 each. The overall polarity for this post will be 2 and hence this is again positive.
B. Machine Learning Based Approach 

Most statistical text classification approaches employ machine learning classifiers, trained on a particular dataset using features such as unigrams or bigrams, and with or without partof-speech labels, although the most successful features seem to be basic unigrams. This approach involves data collection, data preprocessing, feature creation and lastly, application of machine learning techniques to train the classifier. We attempt this approach too for a comparative evaluation against the lexicon based approach. 

1) Data Collection: The 5000 posts which were used for the lexical based approach were also used for training the classifiers. Extracting features directly from Facebook data is difficult due to misspellings and slang words. Hence, a preprocessing step is performed before feature extraction. Preprocessing steps include removing URL, avoiding misspellings and slang words. Misspellings are avoided by replacing repeated characters with 2 occurrences. Slang words add a lot of emotion to a post, so they shouldn’t be removed. Therefore, a slang word dictionary is maintained to replace slang words present in the post with their associated meanings. Domain information which is movies contributes much to the formation of slang word dictionary. 

2) Feature Identification: After extracting and removing post-specific features, the unigram approach is applied for tokenizing the posts to represent them as a collection of words. In unigrams, a post is represented by individual words. Lists containing negative words, positive words and negation words are maintained. Counts of positive and negative words in the posts are used as two different features in the feature vector, where presence of negation also contributes to the sentiment, hence negation is considered as a feature. All words cannot be treated equally in the presence of multiple positive and negative words. Hence, a special word is selected from all the posts. In the case of posts having only positive words or only negative words, a search is done to identify a word having relevant part of speech. A relevant part of speech can be either an adjective, adverb or verb. Such a relevant part of speech is defined based on their relevance in determining sentiment. This is because, words that are adjective, adverb or verb shows more emotion than others. If a relevant part of speech can be determined for a word, then that is taken as special word. Otherwise, a word is selected randomly from the available words as special keyword. If both positive and negative words are present in a tweet, we select any word having relevant part of speech. If relevant part of speech is present for both positive and negative words, none of them is chosen. Such special word features are given a weight of ‘1’ if it is positive and ‘-1’ if it is negative and ‘0’ in its absence. Part of speech feature is given a value of ‘1’ if it is relevant and ‘0’ otherwise. 

3) Sentiment Classification: After creating a feature vector, Naive Bayes(NB), Support Vector Machine(SVM), Decision Tree(DT), Random Tree(RT), Multilayer Perceptron were applied to the data for performing sentiment classification. The WEKA tool is used to perform these classification on the training data.
1.9 MODULES DESCRIPTION

We propose framework for sentiment analysis that consists of five basic modules, 

· Google Translate 

· Opinion Lexicon Extraction Module 

· Key Sentence Extraction Module

· Supervised Learning Module 

· Result Analysis Module
The project is primarily concerned with extracts the opinions from review data set (available online) for the Hotel Domain. The project uses a larger collection of reviews for both training and testing data. The review data sets are stored in a format of text file. 

1. GOOGLE TRANSLATE
In this module we translate the tamil comments into english by using google translate. all comments are translated into English.
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2. OPINION LEXICON EXTRACTION MODULE 

An opinion lexicon is a list of opinion words, such as good and poor, along with sentiment polarities. Traditional methods for extracting opinion lexica rely on language dependent NLP tools (e.g., POS tagger), external resources (e.g., Word Net), or labeled data. In this module, to will extract opinion lexica from unlabelled data using heuristic information among different languages. An initial polarity is assigned to each opinion word according to the polarity information of its K Nearest Neighbors (KNN). 

3. KEY SENTENCE EXTRACTION MODULE 

To extract the most important sentences that express the overall sentiment or attitude of the reviewer. It should be pointed out that key sentence extraction in this module is different from sentiment summarization in two aspects: First, sentiment summarization aims to generate a summary that well represents the overall sentiment of a set of documents, while key sentence extraction in this paper intends to select sentences from a single document that well express the overall sentiment polarity of the author; Second, a sentiment summary is subject to predefined length constraints. But, there is no length constraint for key sentence extraction. Key sentences may contain some conclusive words or phrases, such as, “overall” and “in general”. Consequently, in the key sentence extraction algorithm, to carefully take these features into account by designing three feature functions, respectively. The overall score of any sentence is the sum of the values calculated based on the three feature functions. to present the three feature functions.  

· Position Feature Function

· Content Feature Function

· Representation Style Feature Function
3.1 POSITION FEATURE FUNCTION 
It is observed that a sentence at the beginning or the end of a review is more likely to be a key one than those in the middle. Therefore, the position feature function should reward sentences at both ends of the document. Intuitively, the curve of a Gaussian probability density function is bellshaped, and its negative form may fit with the characteristic of the position function. (((((((((((( ((( ((((((( (( (((((((((((((((((((( Where, μ is the mean (location of the peak), σ is the standard deviation, len is the length (that is the number of sentences) of a review. 

3.2 CONTENT FEATURE FUNCTION 
As key sentences should have strong and clear sentiment polarity, the content feature function is defined as (((((((((((( where opinion lexicon(t) denotes the sentiment polarity of word t in sentence s, if it is an opinion one. Specifically, if t is a positive word, opinion lexicon(t) = 1; if t is a negative word, opinion lexicon(t) = −1; otherwise, opinion lexicon(t) = 0. 

3.3 REPRESENTATION STYLE FEATURE FUNCTION 
conclusive expressions(t) denotes if t is a conclusive snippet in a sentence. Here, a snippet is a single word or a string of words that is split by punctuations in a sentence. For example, the sentence, “Overall, I love this film!” has two snippets, “overall” and “I love this film 

4. SUPERVISED LEARNING MODULE 

Supervised methods usually regard sentiment polarity identification as a classification problem and use a labelled corpus to train a sentiment classifier. In order to reduce the burden of manually labelling data, a SelfSupervised Learning (SSL) method for sentiment classification by combining the strengthes of both unsupervised and supervised techniques. An unsupervised technique is first employed to label a portion of reviews from the given corpus, where the key sentences of all reviews have been clearly marked;
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Supervised Learning Module
RESULT ANALYSIS MODULE 

In this module use the multilingual sentiment corpora, including English, Tamil, and any one Language. In order to highlight the domain-specific nature of opinion words, to collect reviews not only from different languages, but also from different domains, namely, books, DVD, and music. The multilingual sentiment a Naive Bayesian classifier for supervised learning and select top 30 % informatively predicted reviews for training, with which the classifier exhibits the best performance.
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5.1 KNN Algorithm  

K-Nearest Neighbors (KNN) classification divides data into a test set and a training set. For each row of the test set, the K nearest (in Euclidean distance) training set objects are found, and the classification is determined by majority vote with ties broken at random. If there are ties for the Kth nearest vector, all candidates are included in the vote. 

5.2 KNN steps 

Step 1: Determine parameter K = number of nearest neighbors 

Step 2: Calculate the distance between query- instance and all the training samples. 

Step 3: Sort the distance and determine the nearest neighbors based on the k-th minimum distance. 

Step 4: Gather the category Y of the nearest neighbors. 

Step 5: Use simple majority of the category of nearest neighbors as the prediction value of the query instance 

5.3 Naïve Bayes Classifier

A Naive bayes classifier is a simple probabilistic model based on the Bayes rule along with a strong independence assumption. The Naïve Bayes model involves a simplifying conditional independence assumption. That is given a class (positive or negative), the words are conditionally independent of each other. This assumption does not affect the accuracy in text classification by much but makes really fast classification algorithms applicable for the problem.The classifier outputs the class with the maximum posterior probability. It also removes duplicate words from the document, they don’t add any additional information; this type of naïve bayes algorithm is called Bernoulli Naïve Bayes.

CHAPTER 2
LITERATURE SURVEY

1. “SENTIMENTAL ANALYSIS OF TWITTER DATA” AGARWAL A, XIE B, VOVSHA I, RAMBOW O, PASSONNEAU R.

In this paper, we look at one such popular microblog called Twitter and build models for classifying “tweets” into positive, negative and neutral sentiment. We build models for two classification tasks: a binary task of classifying sentiment into positive and negative classes and a 3-way task of classifying sentiment into positive, negative and neutral classes. We experiment with three types of models: unigram model, a feature based model and a tree kernel based model. For the feature based model we use some of the features proposed in past literature and propose new features. For the tree kernel based model we design a new tree representation for tweets. We use a unigram model, previously shown to work well for sentiment analysis for Twitter data, as our baseline. In this paper, we present extensive feature analysis of the 100 features we propose. Our experiments show that features that have to do with Twitter-specific features (emoticons, hashtags etc.) add value to the classifier but only marginally. Features that combine prior polarity of words with their parts-of-speech tags are most important for both the classification tasks. Thus, we see that standard natural language processing tools are useful even in a genre which is quite different from the genre on which they were trained (newswire). Furthermore, we also show that the tree kernel model performs roughly as well as the best feature based models, even though it does not require detailed feature engineering. One advantage of this data, over previously used data-sets, is that the tweets are collected in a streaming fashion and therefore represent a true sample of actual tweets in terms of language use and content. Our new data set is available to other researchers. In this paper we also introduce two resources which are available (contact the first author): 1) a hand annotated dictionary for emoticons that maps emoticons to their polarity and 2) an acronym dictionary collected from the web with English translations of over 5000 frequently used acronyms.
DRAWBACKS
· This is due to nature of microblogs on which people post real time messages about their opinions on a variety of topics, discuss current issues, complain, and express positive sentiment for products they use in daily life.
· This implies that with limited amount of training data, simply using unigrams has a critical disadvantage, while both tree kernel and unigram model with our features exhibit promising performance.
2. “CODE MIXING: A CHALLENGE FOR LANGUAGE IDENTIFICATION IN THE LANGUAGE OF SOCIAL MEDIA” BARMAN U, DAS A, WAGNER J, FOSTER J.

In social media communication, multilingual speakers often switch between languages, and, in such an environment, automatic language identification becomes both a necessary and challenging task. We also present some preliminary word-level language identification experiments using this dataset. Different techniques are employed, including a simple unsupervised dictionary-based approach, supervised word-level classification with and without contextual clues, and sequence labelling using Conditional Random Fields. In a scenario where speakers switch between languages within a conversation, sentence or even word, the task of automatic language identification becomes increasingly important to facilitate further processing. Speakers whose first language uses a nonRoman alphabet write using the Roman alphabet for convenience (phonetic typing) which increases the likelihood of code mixing with a Romanalphabet language. This can be especially observed in South-East Asia and in the Indian subcontinent. This is the smallest unit of code mixing. This tag was introduced to capture intra-word code mixing and denotes cases where code mixing has occurred within a single word. Identifying word-level code mixing is the last task of annotation. Annotators were told to mention the type of word-level code mixing in the form of an attribute (Base Language + Second Language) format. Generally a dictionary-based language detector predicts the language of a word based on its frequency in multiple language dictionaries. In our data the Bengali and Hindi tokens are phonetically typed. As no such transliterated dictionary is, to our knowledge, available for Bengali and Hindi, we use the training set words as dictionaries. For words that have multiple annotations in training data (ambiguous words), we select the majority tag based on frequency, e.g. the word to will always be tagged as English.
DRAWBACKS

· In this paper, we describe our work in progress on the problem of automatic language identification for the language of social media.
· Individual word-level systems often fail to assign proper labels to ambiguous words, but adding context information helps to overcome this problem.

3.“RANDOM FORESTS” BREIMAN L

Although not obvious from the description in, Random Forests are an extension of Breiman’s bagging idea and were developed as a competitor to boosting. Random Forests can be used for either a categorical response variable, referred to in as “classification”, or a continuous response, referred to as “regression”. The “root” node of the tree comprises the entire predictor space. The nodes that are not split are called “terminal nodes” and form the final partition of the predictor space. Each nonterminal node splits into two descendant nodes, one on the left and one on the right, according to the value of one of the predictor variables. Trees enjoy a mixed reception when it comes to interpretability. Tree diagrams are easily understood, but interpretation can be difficult because adjacent or nearby rectangles can appear in quite distant parts of the tree. A less obvious problem occurs when two or more predictor variables are highly correlated within a node. Such variables are called surrogates, and lead to similar splits of the node. However, they make interpretation more difficult because different surrogates may be selected for splits at this and descendant nodes. Unbalanced data sets, where some classes are much smaller than others, present a challenge to many classifiers. A naive classifier will work on getting the large classes right, while allowing a high error rate for the small classes. Random Forests has an effective method for weighting the classes to give balanced results in unbalanced data. One reason to do this is that the important predictor variables may be different when the method is forced to pay greater attention to a small class. Even in the balanced case, the weights can be adjusted to give lower error rates to decisions that have a high misclassification cost. Random Forests use an unusual but intuitive measure of variable importance. To measure the importance of variable k, the following procedure is performed for each tree. First, the out-of-bag observations are passed down the tree and the predicted values are computed. Next, the values of variable k are randomly permuted in the out-of-bag data, keeping all the other predictor variables fixed. These modified out-of-bag data are passed down the tree and the predicted values are computed. This process gives two sets of out-of-bag predictions for each observation: one set obtained from real data, the other set from variable-k-permuted data.

DRAWBACKS
· A predicted value is obtained for all observations in the terminal nodes by averaging the response for regression problems or computing the most frequent class for classification problems.
· Trees are popular for a wide range of problems, in part because trees can model complex interactions.

· A less obvious problem occurs when two or more predictor variables are highly correlated within a node.

· In problems for which large trees overfit, users can tune using either the number of nodes or the smallest nodesize.
4. “AN EMPIRICAL COMPARISON OF SUPERVISED LEARNING ALGORITHMS” CARUANA R, NICULESCU-MIZIL A.

A number of supervised learning methods have been introduced in the last decade. Unfortunately, the last comprehensive empirical evaluation of supervised learning was the Statlog Project in the early 90’s. We present a large-scale empirical comparison between ten supervised learning methods: SVMs, neural nets, logistic regression, naive bayes, memory-based learning, random forests, decision trees, bagged trees, boosted trees, and boosted stumps. Learning algorithms are now used in many domains, and different performance metrics are appropriate for each domain. For example Precision/Recall measures are used in information retrieval; medicine prefers ROC area; Lift is appropriate for some marketing tasks, etc. The different performance metrics measure different tradeoffs in the predictions made by a classifier, and it is possible for learning methods to perform well on one metric, but be suboptimal on other metrics. Because of this it is important to evaluate algorithms on a broad set of performance metrics. This paper presents results of a large-scale empirical comparison of ten supervised learning algorithms using eight performance criteria. We evaluate the performance of SVMs, neural nets, logistic regression, naive bayes, memory-based learning, random forests, decision trees, bagged trees, boosted trees, and boosted stumps on eleven binary classification problems using a variety of performance metrics: accuracy, F-score, Lift, ROC Area, average precision, precision/recall break-even point, squared error, and cross-entropy. For each algorithm we examine common variations, and thoroughly explore the space of parameters. For example, we compare ten decision tree styles, neural nets of many sizes, SVMs with many kernels, etc. Because some of the performance metrics we examine interpret model predictions as probabilities and models such as SVMs are not designed to predict probabilities, we compare the performance of each algorithm both before and after calibrating its predictions with Platt Scaling and Isotonic Regression. The empirical results are surprising. To preview: prior to calibration, bagged trees, random forests, and neural nets give the best average performance across all eight metrics and eleven test problems. Boosted trees, however, are best if we restrict attention to the six metrics that do not require probabilities. After calibration with Platt’s Method, boosted trees predict better probabilities than all other methods and move into first place overall. Neural nets, on the other hand, are so well calibrated to begin with that they are hurt slightly by calibration. After calibration with Platt’s Method or Isotonic Regression, SVMs perform comparably to neural nets and nearly as well as boosted trees, random forests and bagged trees.
DRAWBACKS
· Boosting full decision trees dramatically outperforms boosting weaker stumps on most problems.
· The best models (calibrated boosted trees, random forests and bagged trees) perform poorly on some problems, and models that have poor average performance perform well on a few problems or metrics. 

· This bootstrap sample of problems and metrics we rank the ten algorithms by mean performance across the sampled problems and metrics.
5. “HOPEEDI: A MULTILINGUAL HOPE SPEECH DETECTION DATASET FOR EQUALITY, DIVERSITY, AND INCLUSION” CHAKRAVARTHI BR.

To our knowledge, this is the first research of its kind to annotate hope speech for equality, diversity and inclusion in a multilingual setting. We determined that the inter-annotator agreement of our dataset using Krippendorff’s alpha. Further, we created several baselines to benchmark the resulting dataset and the results have been expressed using precision, recall and F1-score. The dataset is publicly available for the research community. We should turn our work towards spreading positivity instead of curbing an individual’s freedom of speech by removing negative comments. Therefore, we turn our research focus towards hope speech. Hope is commonly associated with the promise, potential, support, reassurance, suggestions or inspiration provided to participants by their peers during periods of illness, stress, loneliness and depression. Moreover, although people of various linguistic backgrounds are exposed to online social media language, English is still at the centre of ongoing trends in language technology research. Recently, some research studies have been conducted on high resourced languages, such as Arabic, German, Hindi and Italian. However, such studies usually use monolingual corpora and do not examine code-switched textual data. Code-switching is a phenomenon where the individual switches between two or more languages in a single utterance. We propose to encourage hope speech rather than take away an individual’s freedom of speech by detecting and removing a negative comment. We apply the schema to create a multilingual, hostility-diffusing hope speech dataset for equality, diversity and inclusion. This is a new large-scale dataset of English, Tamil (code-switched), and Malayalam (code-switched) YouTube comments with high-quality annotation of the target. We performed an experiment on Hope Speech dataset for Equality, Diversity and Inclusion (HopeEDI) using different state-of-the-art machine learning models to create benchmark systems. Hope is considered significant for the well-being, recuperation and restoration of human life by health professionals. Hope can be defined as an optimistic state of mind that depends on a desire for positive results regarding the occasions and conditions of one’s life or the world at large, and it is also presentand future-oriented.
DRAWBACKS
· It is imperative that research should take a positive reinforcement approach towards online content that is encouraging, positive and supportive contents.

· Most studies have focused on solving this problem of negativity in the English language, though the problem is much more than just harmful content.
· However, current gender debiasing methods in NLP are not sufficient to debias other issues related to EDI in end-to-end systems of many language technology applications, which causes unrest and escalates the issues with EDI, as well as leading to more inequality on digital platforms.

2.1 EXISTING SYSTEM

· It exists in two forms, the continuous Bag-of-Words model (cBoW) and the Skip-Gram model.

· In the work of Named Entity Recognition in Tweets , it has been seen that the performance of the existing named extraction systems is not so good.

· A  low-resource perspective, exploring data augmentation strategies and trying to take advantage of existing multilingual pretrained models to cope with data scarcity in low-resource scenarios.

2.1.1 Disadvantages of existing system
· To facilitate the researchers working on these problems, there have been shared tasks conducted on aggression identification in social media and offensive language identification by providing necessary datasets.
· The problems include the comparison of the movie with movies of same or other industries, expression of opinion of different aspects of the movie in the same sentence.

· While speaking about its cons, they are vulnerable to mistakes in classification problems having many classes and a comparatively limited number of training examples.

· We expect this resource will enable the researchers to address new and exciting problems in code-mixed research.

· Non-availability of annotated code-mixed data for a low-resourced language like Tamil also adds difficulty to this problem.

2.2 PROPOSED SYSTEM
Propose a novel multilingual sentiment analysis framework. In the proposed framework, no manually labelled corpus is needed and all extracted information is domaindependent. In general, the contributions of this study can be summarized as follows:  

· Propose a statistical method for opinion lexicon extraction based on a few seed words, which can be easily transplanted to almost any language and does not need to refer to synonyms and antonyms dictionaries;
· On the basis of the extracted opinion lexicon, propose a key sentence extraction method for capturing the overall opinion of reviews, which solves the problem of conflictive sentiments;  

· Propose a Self-Supervised Learning (SSL) method for sentiment classification, which combines unsupervised and supervised techniques together by virtue of the above extracted opinion lexicon and key sentences;  

· Finally, extensive experiments on multilingual datasets in different domains well demonstrate the effectiveness of the proposed methods.
2.2.1 Advantages of proposed system

· Cost-efficient framework for multilingual sentiment analysis.  

· Improve the performance of sentiment classification.

· The concept of key sentences is reasonable and key sentences are useful for dealing with conflictive sentiments.  

· The key sentence extraction method is effective and  language-independent Abbreviations and Acronyms
2.3 FEASIBILITY STUDY
The feasibility of the project is analyzed in this phase and business proposal is put forth with a very general plan for the project and some cost estimates. During system analysis the feasibility study of the proposed system is to be carried out. This is to ensure that the proposed system is not a burden to the company.  For feasibility analysis, some understanding of the major requirements for the system is essential.

Three key considerations involved in the feasibility analysis are:

· Economical feasibility

· Technical feasibility

· Operational feasibility

2.3.1 Economical Feasibility
This study is carried out to check the economic impact that the system will have on the organization.  The  amount  of  fund  that  the  company  can  pour  into  the  research  and development of the system is limited. The expenditures must be justified. Thus the developed system as well within the budget and this was achieved because most of the technologies used are freely available. Only the customized products had to be purchased.

The economic feasibility based on the terms of:

· Time

· Cost

· Man power

2.3.2 Technical Feasibility
This study is carried out to check the technical feasibility, that is, the technical requirements of the system. Any system developed must not have a high demand on the available technical resources. This will lead to high demands on the available technical resources. This will lead to high demands being placed on the client. The developed system must have a modest requirement, as only minimal or null changes are required for implementing this system.

2.3.3 Operational Feasibility
The aspect of study is to check the level of acceptance of the system by the user. This includes the process of training the user to use the system efficiently. The user must not feel threatened by the system, instead must accept it as a necessity. The level of acceptance by the users solely depends on the methods that are employed to educate the user about the system and to make him familiar with it. His level of confidence must be raised so that he is also able to make some constructive criticism, which is welcomed, as he is the final user of the system.

CHAPTER 3
SYSTEM SPCIFICATION
3.1 HARDWARE REQUIREMENTS:
· Node MCU 
· GSR Sensor 
· Gyroscope Sensor  
· Temperature Sensor  
· Pulse Sensor 
· LCD Display 
· GSM Module 
3.2  SOFTWARE REQUIREMENTS:
· Operating System : Windows 10
· Language              : Arduino UNO C++
CHAPTER 4
SYSTEM DESIGN AND DEVELOPEMENT

DATA FLOW DIAGRAM
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CHAPTER 5
TESTING AND IMPLEMENTATION

5.1 TESTING

 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 5.1.1Unit Testing


Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

5.1.2 Block Box Testing

Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.

5.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

CHAPTER 6

RESULT AND DISCUSSION 
The results of the experiments with the classifiers described above for both sentiment analysis and offensive language detection are shown in terms of precision, recall, F1-score.

We used sklearn to develop the models. A macro-average will compute the metrics (precision, recall, F1-score) independently for each class and average them. Thus this metric treats all classes equally, and it does not take the attribute of class imbalance into account. A weighted average takes the metrics from each class just like a macro average, but the contribution of each class to the average is weighted by the number of examples available for it. The number of comments belonging to different classes from both the tasks are listed as the support values in respective tables. For sentiment analysis, the performance of the various classification algorithms range from being inadequate to average on the code-mixed dataset. Logistic regression, random forest classifiers and decision trees were the ones that fared comparatively better across all sentiment classes. To our surprise, we see that SVM performs poorly, having a worse heterogeneity than the other methods. The precision, recall and F1- score are higher for the “Positive" class followed by the “Negative" class. All the other classes performed very poorly. One of the reasons is the nature of the dataset as the classes “Mixed feelings" and “Neutral state" are challenging to label for the annotators owing to the problematic examples described before. For offensive language detection, all the classification algorithms perform equally poorly. We see that logistic regression and random forest are the ones that performed relatively better than the others. The precision, recall and F1-score are higher for the “Not Offensive" class followed by the “Offensive Targeted Individual" and “OL" classes. The reasons for the poor performance of other classes are as same as sentiment analysis. From the tables, we see that the classification algorithms have performed better on the task of sentiment analysis in comparison to that of offensive language detection. One of the main reasons could be the differences in the distributions of the classes among the two different tasks. When it comes to sentiment analysis dataset in Kannada, out of the total of 7,671 sentences 46% and 19% belong to the “Positive" and the “Negative" classes respectively while the other classes share 9%,11% and 15% respectively. This distribution is better when compared to the Kannada dataset for offensive language detection task where 56% belong to “Not Offensive", while the other class share a low distribution of 4%,8%,6%,2%,24%. Although the distribution of offensive and non-offensive classes is skewed in all the languages, we were able to observe that overwhelmingly higher percentage of comments belonged to non-offensive class in Tamil and Malayalam datasets than Kannada. 72.4% of comments in Tamil and 88.44% comments in Malayalam datasets were non-offensive while in Kannada only 55.79% of the total comments were non-offensive. This explains why the precision, recall and F-score values of identifying the non-offensive class are consistently higher for Tamil and Malayalam data than Kannada. Next to non-offensive class, the number of comments that belonged to "Not in intended language" class was more than the number of comments belonging to one of the offensive classes in Kannada and Malayalam datasets. In other words, it is easier to recognise the "Not offensive" and "Not in intended language" classes because more comments belong to these two classes than other offensive classes. This trend is shown by the tables 13, 14, and 15. Since we collected the posts from movie trailers, we got more positive sentiment than others as the people who watch trailers are more likely to be interested in movies and this skews the overall distribution. However, as the code-mixing phenomenon is not incorporated in the earlier models, this resource could be taken as a starting point for further research. There is significant room for improvement in code-mixed research with our dataset. In our experiments, we only utilized the machine learning methods, but more information such as linguistic information or hierarchical meta-embedding can be utilized.
CHAPTER-7

CONCLUSION
CONCLUSION
This work introduced code-mixed dataset of the under-resourced Dravidian languages. This data set comprises more than 60,000 comments annotated for sentiment analysis and offensive language identification. To improve the research in the under-resourced Dravidian languages, we created an annotation scheme and achieved a high interannotator agreement in terms of Krippendorff 훼 from voluntary annotators on contributions collected using Google Form. We created baselines with gold standard annotated data and presented our results for each class in precision, recall, and F-Score. We expect this resource will enable the researchers to address new and exciting problems in code-mixed research. In future work, we intend to investigate whether we can apply these corpora to build corpora for other under-resourced Dravidian languages.
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