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1.1 Introduction 
Opinions area central driver of human behaviour. folks naturally ask for the opinions of others 

before creating choices, like shopping for merchandise and services, investing, and selection in 

elections. This consultation is being more and more done victimization microblogging 

platforms like Twitter, posts on social media, discussion forums or reviews on sites like 

TripAdvisor.[1][2] Organizations additionally would like feedback on their product and services in order 

that resources will be allotted efficiently to find new investment opportunities, to publicize and 

improve product, and to anticipate issues. Consequently, interest has fully grown in an exceedingly field 

of study known as sentiment analysis to extract which means from the immense amounts of digital 

opinion knowledge out there. One key feature of a post (or cluster of posts) that's often desired is whether 

or not its sentiment polarity is positive, neutral, or negative a few subject. This could 

be accustomed provides a single sentiment signal, or be mass to offer AN opinion over time [3]. It 

is important, therefore, that the increasing variety of sentiment analysis tools developed for this purpose 

classify posts as accurately as doable. the most approaches employed in sentiment analysis are 

in lexicon-based, data-or corpus-based, or a mix of the 2. reckoning on the algorithm used and therefore 

the Training data, there will probably be wide variations within the results. For example, unsupervised 

(lexicon-based) methods can perform better across different subject domains, whereas supervised methods 

(trained, e.g., on product data), may be better in specialist areas. as. Analysis of posts made by the wider 

public must deal with slang, sarcasm, abbreviations, misspellings, grammatical aspects (e.g., multiple 

exclamation marks), demographics, and technology changes. For example, emojis and emoticons, which are 

increasingly used on smartphones, can be used to clarify, enhance, or sometimes reverse the sentiment of a 

post. Sentiment analysis tools are offered as complete merchandise, however progressively through APIs as 

web services. This might probably supply organisations the prospect to match merchandise, choose specialist 

tools betting on needs, and benefit from on-line lexicons and in progress rule development. Sentiment 

analysis of short social media messages on microblogging platforms like Twitter or Instagram is of high 

interest to organizations that progressively need to use social media to review the general public mood 

additionally to or in place of ancient ways of getting feedback, like surveys and opinion polls. An 

increasing range of specialist tools, which will rate the sentiment of a post during a microblog, are being 

offered to organizations as web services to cater for this would like. Analysis of microblogging 

messages should be ready to handle short messages, varied language use, and specifics like emoticons, 

emojis, and hashtags. Emoticons and emojis are more and more being employed briefly social media 

messages and seem to own a significant impact on the sentiment of a tweet and therefore the accuracy of 

classification.  For example, one study [4] suggested that using only the emoticon to rate sentiments could 

achieve accuracy rates of above 80% [5]. further suggested that emoticon sentiment is likely to be more 

important than text sentiment and may increase accuracy across subject domains. However, [6, 7], in a limited 

test, cautiously suggested that there may be classification errors with some sentiment analysis tools in the case 

in which the emoticon sentiment disagrees with the text sentiment. Details of the approach used in developing 

commercial web services for sentiment analysis are not always available; and therefore, comparing them is 

difficult. It seems that the effect of emoticons and emojis should be considered 

1.1.1 Main aims of projects 

1. To develop a image application that may be accustomed compare web-service-based sentiment 

analysis tools and prove or contradict the hypotheses. 

2. Through this unit, study inconsistencies within the treatment of emoticons, emojis, and subject 

field by totally different sentiment analysis tools. 

3. Evaluate whether or not one tool or technique of research is a lot of correct than another 

by examination tools against a manually labelled Data set. 
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4. Provide an application that would be enlarged within the future into a platform for testing, comparing, 

and bench marking sentiment analysis tools and generate check sets for wider study. 

1.1.2 Subsidiary Aims 

5. Demonstrate a way for organisations to find the simplest sentiment analysis tools for his or 

her desires. 

6. Demonstrate a tool for organisations providing sentiment analysis web services the flexibility to 

benchmark their tool against others on the market. 

 

1.2 Literature review 

Sentiment analysis or opinion mining – a subtopic of natural language processing (NLP) – is the study of 

public opinion, emotions, and attitudes through the analysis of written language [1, 8]. It is a popular area of 

research with 7000 research articles already written by [9]. Interest from business and different organizations 

has grownup because the quantity of digital data, and also the use of social media and sensible devices 

has multiplied [10][12]. There are currently around 319 million monthly active Twitter users, compared with 

1.817 billion users of Facebook, 1 billion users of WhatsApp, 600 million users of Instagram, and 877 million 

users of QQ – a Chinese microblogging platform [13]. The ability of microblogs to administer instant 

feedback is effective in several domains. Applications are written that offer organizations the power to, for 

instance, assess whether or not a target market is happy (a positive sentiment polarity) or sad (a negative 

sentiment polarity) employing a sample of tweets from the live Twitter stream on a desired subject. this 

might be accustomed track the sentiment of a complete or feeling a 

few product. alternative uses embody politics (judging reactions to policies or predicting election results), 

financial markets (tracking sentiment on stocks) and tracing the unfold of a malady [3][14]. Given the amount 

source material, a solid foundation in the subject was provided by sources such as a widely cited book [1] and 

survey papers [9]. These followed the evolution of the subject since it was identified around the year 2000, 

including the strengths and weaknesses of the different techniques – supervised, unsupervised or hybrid – 

used in sentiment analysis research. A series of conferences called SemEval [15] tracks ongoing developments 

of computation techniques in semantic evaluation and has a competition to improve techniques in sentiment 

analysis applications, such as the ‘support vector machine classifier and hashtag’ used successfully by [16]. 

Twitter is of particular interest because of the availability of data and the ease-of-use of the public API. At 

the recent 2016 SemEval conference, Twitter research was the most popular [15], but techniques refined on 

Twitter could be applied to other platforms. For these reasons, Twitter was chosen as the data source in this 

project. The first recorded emotional icon or emoticon in digital communication was a smiley ‘:-)’ used in 

1982 at Carnegie Mellon University to indicate that a piece of text was a joke [17]. They began 

(and are still normally used) as text characters indicating facial expressions. a lot of recently, 

icons like are progressively utilized in place of the text – either through substitution or by permitting the 

user to pick one from an inventory of icons. Emojis (meaning image character in Japanese) area unit a step 

any, permitting short messages to be sent with pictograms showing ideas like celebrations, weather, vehicles, 

thumbs up, and so on [15]. There is some confusion regarding the terms facial gesture, emoji, and smiley, and 

that they are usually used interchangeably. However, there are variations within the history, usage, and 

technical implementations of the text and pictorial variants. Hence, following [15]. they are defined in this 

paper as follows: 

Emoticons are pictures made up from the standard ASCII character set used to indicate a facial expression. 

For example, the smiley emoticons ‘:)’ (read sideways) and ‘ (^_^) ’, and the sad emoticon ‘:(’.  

Emojis are pictorial evolutions of emoticons that allow a wider range of ideas (such as weather, directions, 

and vehicles) as well as emotions. They are stored as Unicode characters with the first set introduced in 1995 
[18]. Since the introduction of smartphones (and their addition to popular apps), emojis have become 

increasingly popular [15] found 4% of tweets and up to 50% of Instagram messages contained emoticons or 

emojis, whereas [19], found a 20% occurrence in a database of Japanese tweets [20]. Noted that the Sina 

microblog contains a larger number of emoticons and emojis than Twitter. Academic studies such as those by 
[4, 5, 15] have investigated how emoticons and emojis could be used to improve the accuracy of sentiment 

analysis classification tools. One difficult area is wherever emoji or facial expression sentiment is completely 

different from the text, maybe indicating witticism. Many downloadable sentiment analysis 

tools, like SentiStrength (2016), are developed and ways are created to check their performance [15] and set 

benchmarks [21]. However, sentiment analysis is also increasingly being offered in the form of commercial 

web service APIs. many of which are aimed at Twitter. Factors such as increasing emoticons/emoji use, online 

dictionaries, machine classification, and ongoing development may make the performance of such tools differ 
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from generalized tools, and vary in relation to each other over time [3, 22, 23]. included some web services in 

their benchmarking tests; but, to the author’s knowledge, no comparison framework specifically aimed 

toward Twitter-based web services exists. there's a requirement for a specialist service in order 

that organizations with specific social sentiment analysis necessities will find the most effective tool for his 

or her wants. 

2.1 Sentiment Analysis Research 

Liu [1] described how sentiment analysis research chiefly consists of breaking a piece of text down into its 

constituent parts at three levels: 

 Document level:- A document is assumed to see one entity or subject (like a product), and a positive 

or negative sentiment is calculated for the complete document. 

 Sentence (or even clause) Level:- where sentences among a document are classified first as subjective 

or objective so as positive, negative, or neutral. 

 Entity/ aspect level:- attempts to analyse precisely that aspects of the entity (price, size, etc.) area 

unit being rated. 

As sentiment analysis considerations language, several difficult analysis issues have had to be self-addressed, 

including: 

 Comparative opinions, for example, ‘iPhones are better than Samsungs’. 

 Sentences that mean different things in different subject domains, for instance, ‘this vacuum cleaner 

suck’s [1].  

 Sarcasm (particularly in the political sphere). 

Sentences with sentiment words that express no feelings (i.e., factual) and sentences with no sentiment words 

that express an opinion, for example, ‘Can you recommend a good restaurant?’. 

Both supervised and unsupervised approaches square measure used for sentiment analysis, and their square 

measure challenges at every level. as an example, at the extent of extracting aspects from a body of text,[1]. 

Noted how a supervised model trained on a test set from one domain (e.g., product reviews) might not 

perform as well in a different domain. Unsupervised (lexicon or dictionary based) methods can perform 

better across different domains. This was supported in research by, among [3, 5]. 

2.2 Sentiment Analysis on Microblogging Platforms 

Twitter-like microblog posts differ from sources traditionally used in sentiment analysis in several ways: 

 Tweets are restricted to 140 characters, that means that they're sometimes short and to the 

purpose. alternative platforms might not be as restricted, however there's additional of attention on 

short messages. 

 Emoticons and emojis are used each to reinforce the sentiment of a tweet [5] and to indicate a joke or 

sarcasm [24]. 

 Language use is more casual, less composed, uses slang, and can vary by subject [25]. 

 noted that alternative emotional signals, like bound word pairings, exist. However, [26] found a 

low correlation between the emotional words employed in social media and also the spirit of the user, 

suggesting that victimization words alone isn't sufficient to spot sentiment. 

 Volume, speed, variation, and noisiness of data. 

 The use of hash tags, both for subject identification and for sentiment annotation [16]. 

 A group view rather than Individual views on a topic is the target of research [15]. 

 Other features such retweets, follows, and mentions [27]. 

Giachanou and Crestani [27] added that there are also specific issues in processing microblogging messages in 

areas like topic identification, tokenization, and data sparsity (incorrect language and misspellings). This has 

led to two further approaches to sentiment analysis: hybrid models that combine lexical and machine-learning 

methods, and graph based models that include social networking features. Note: Research is still in progress. 
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