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Abstract: We propose a joint segmentation and classification framework for sentiment analysis. Existing sentiment 

classification algorithms typically split a sentence as a word sequence, which does not effectively handle the 

inconsistent sentiment polarity between a phrase and the words it contains, such as “not bad” and “a great deal of”. 

We address this issue by developing a joint segmentation and classification framework (JSC), which simultaneously 

conducts sentence segmentation and sentence level sentiment classification. Specifically, we use a log-linear model 

to score each segmentation candidate, and exploit the phrasal information of top-ranked segmentations as features 

to build the sentiment classifier. A marginal log-likelihood objective function is devised for the segmentation model, 

which is optimized for enhancing the sentiment classification performance. The joint model is trained only based on 

the annotated sentiment polarity of sentences, without any segmentation annotations. To increase the accuracy of 

sentiment analysis this process uses Parts of Speech (POS) Parsing technique with NLP tool. 
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I. INTRODUCTION 
 
The booming Micro blog service, Twitter, attracts more people 

to post their feelings and opinions on various topics. The 

posting of sentiment contents can not only give an emotional 

snapshot of the online world but also have potential 

commercial financial and sociological values. However, facing 

the massive sentiment tweets, it is hard for people to get 

overall impression without automatic sentiment classification 

and analysis. Therefore, there are emerging many sentiment  

classification works showing interests in tweets. Topics 

discussed in Twitter are more diverse and unpredictable. 

Sentiment classifiers always dedicate themselves to a specific 

domain or topic named in the paper. Namely, a classifier 

trained on sentiment data from one topic often performs poorly 

on test data from another. One of the main reasons is that 

words and even language constructs used for expressing 

sentiments can be quite different on different topics. Taking a 

comment “read the book” as an example, it could be positive 

in a book review while negative in a movie review. In social 

media, a Twitter user may have different opinions on different 

topics. Thus, topic adaptation is needed for sentiment 

classification of tweets on emerging and unpredictable topics. 

Previous works explicitly borrowed a bridge to connect a 

topic-dependent feature to a known or common feature. Such 

bridges are built between product reviews by assuming that the 

parallel sentiment words exist for each pair of topics, such as 

books, DVDs, electronics and kitchen appliances. However, it 

is not necessarily applicable to topics in Twitter, especially the 

unpredictable ones. It is worth mentioning that detecting and 

tracking topics from tweets is another research topic. 

 

II. RELATED WORKS 

 

Lexicon-basedmethods typically use existing sentiment 

lexicons of words and phrases, each of which is attached with 

the sentiment polarity or sentiment strength. Linguistic rules 

are usually incorporated to predict the sentiment polarity of 

sentences (or documents). A representative lexicon-based 

method is given by Turney [1], which consists of three steps. 

He first extracts phrases if their pos tags conform to the pre-

defined patterns. Then, sentiment polarity of each extracted 

phrase is estimated through point-wised mutual information 

(PMI). Finally, he averages the polarity of all phrases in a 

review as the final sentiment polarity. 

 

The guest editors introduced novel approaches to opinion 

mining and sentiment analysis that go beyond a mere word-

level analysis of text and provide concept-level methods[2]. 

Such approaches allow a more efficient passage from 

(unstructured) textual information to machine -process able 

data, in potentially any domain. The work[3] reviews recent 

work in the area of unsupervised feature learning and 

deep learning, covering advances in probabilistic models, auto 

encoders, manifold learning, and deep networks. This 

motivates longer term unanswered questions about the 

appropriate objectives for learning goodrepresentations, 

forcomputingrepresentations (i.e., inference), and the 
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geometrical connections between representation learning, 

density estimation, and manifold learning. 

 

The wok in [4] describes the sentiment classification by 

focusing on techniques that could detect the topics that are 

highly correlated with the positive and negative opinions. Such 

techniques, when coupled with sentiment classification, can 

help the business analysts to understand both the overall 

sentiment scope as well as the drivers behind the sentiment. It 

describes that overall sentiment analysis system that consists 

of such sentiment analysis techniques. Then in detail a novel 

topic detection method using point-wise mutual information 

and term frequency distribution is  discussed. 
 

The Author describes the emoticons for the generation of 

sentiment labels for tweets, and builds an incremental learning 

Na¨ıve Bayes [5]classifier for the categorization of four types 

of sentiments: angry, disgusting, joyful, and sad. MoodLens is 

now available online for temporal and spatial sentiment pattern 

discovery, abnormal events detection and illustration, and 

online real-time monitoring of sentiment fluctuations.The 

work [6]describes more sophisticated feature weighting 

schemes from Information Retrieval can enhance classification 

accuracy. It show that variants of the classic tf.idf scheme 

adapted to sentiment analysis provide significant increases in 

accuracy, especially when using a sublinear function for term 

frequency weights and document frequency smoothing. The 

techniques are tested on a wide selection of data sets and 

produce the best accuracy. A proposal in [7] present the details 

of learning sentiment-specific word embedding (SSWE) for 

Twitter sentiment classification. It deals with incorporating the 

sentiment information of sentences to learn continuous 

representations for words and phrases. It extends the existing 

word embedding learning algorithm and develop three neural 

networks to learn SSWE. 
 

III. EXISTING SYSTEM 

 
In the Existing system, a pipelined method is the problem of 

error propagation, since sentence segmentation errors cannot 

be corrected by the sentiment classification model. A typical 

kind of error is caused by the polarity in consistency between a 

phrase and the words it contains, such as (not bad, bad) and (a 

great deal of, great). The segmentations based on bag-of-words 

or syntactic chunkers are not effective enough to handle the 

polarity inconsistency phenomenons. The reason lies in that 

bag-of-words segmentations regard each word as a separate 

unit, which losses the word order and does not capture the 

phrasal information. The segmentations based on syntactic 

chunkers typically aim to identify noun groups, verb groups or 

named entities from a sentence. However, many sentiment 

indicators are phrases constituted of adjectives, negations, 

adverbs or idioms , which are splitted by syntactic chunkers. 

Besides, a better approach would be to utilize the sentiment 

information to improve the segmentor. Accordingly, the 

sentiment-specific segmentor will enhance the performance of 

sentiment classification in turn. 

 

IV. PROPOSED SYSTEM 

We propose a joint segmentation and classification framework 

(JSC) for sentiment analysis, which simultaneous conducts 

sentence segmentation and sentence-level sentiment 

classification. We develop 

 A candidate generation model to generate the 

segmentation candidates of a sentence,  

 A segmentation ranking model to score each segmentation 

candidate of a given sentence, and 

 A classification model to predict the sentiment polarity of 

each segmentation. The phrasal information of top-ranked 

candidates from the segmentation models are utilized as 

features to build the sentiment classifier. 

 To increase the accuracy result of sentiment analysis we 

use NLP Tool with POS Technique. 

 

V. SENTIMENT CLASSIFICATION 

TECHNIQUES 

 
Sentiment Classification techniques can be roughly divided 

into machine learning approach, lexicon based approach  

hybrid approach and POS technique with NLP tool . The 

Machine Learning Approach (ML) applies the famous ML 

algorithms and uses linguistic features. The Lexicon-based 

Approach relies on a sentiment lexicon, a collection of known 

and precompiled sentiment terms. It is divided into dictionary-

based approach and corpus-based approach which use 

statistical or semantic methods to find sentiment polarity. The 

hybrid Approach combines both approaches and is very 

common with sentiment lexicons playing a key role in the 

majority of methods. The text classification methods using ML 

approach can be roughly divided into supervised and 

unsupervised learning methods. The supervised methods make 

use of a large number of labeled training documents. The 

unsupervised methods are used when it is difficult to find 

these labeled training documents.The lexicon-based approach 

depends on finding the opinion lexicon which is used to 

analyze the text. There are two methods in this approach. The 

dictionary-based approach which depends on finding opinion 

seed words, and then searches the dictionary of their 

synonyms and antonyms. The corpus-based approach begins 

with a seed list of opinion words, and then finds other opinion 

words in a large corpus to help in finding opinion words with 

context specific orientations. This could be done by using 

statistical or semantic methods. 

 

VI. EXPERIMENT 

 
We done our experiment in three modules which 

includesCollection ofGENERAL Messages and Spell check 

and Grammar Correction,Stemming and Sentiment analysis 

implementation. 

 

A. COLLECTION OF GENERAL MESSAGES AND  

First step is to collect messages from the users in a particular 

subject through GENERAL messages and from buyer login. 

Next step is to create database for the collected messages. 

Database contains number of messages received from the 

users, received message, date and time. 

 

B. SPELL CHECK AND GRAMMAR CORRECTION 
 

In this, there is spell checker . We can correct the spelling 

mistakes in each document, if any. It will suggest some words 

from dictionary. We select from the list for changing it.In this, 
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we correct the grammar of a sentence in each document , if 

any. It will show the correct sentence options for changing. 

 

C. STEMMING 

It is process of mapping of all the alternatives to the ROOT 

word. It will identify the tense of the word. For example, the 

root word “go” has the following variations – go, went, 

gone.Affix removal conflation techniques are referred to as 

stemming algorithms and can be implemented in a variety of 

different methods. All remove suffices and/or prefixes in an 

attempt to reduce a word to its stem.. The algorithms that are 

discussed in the following sections, and those that will be 

implemented in this project, are all suffix removal stemmers. 

During the development of a stemmer the issues of iteration 

and context awareness must be addressed. Suffices that are 

concatenated to words are often done so in a certain order, 

such that a set of order-classes will exist among suffices. An 

iterative stemming algorithm will remove suffices one at a 

time, starting at the end of the word and working towards the 

beginning. It will parse the data and tag the parts-of speech for 

every word. 

 

D. SENTIMENT ANALYSIS IMPLEMENTATION 

This is very important module. The system will analyse each 

and every message in relevant group individually using 

sentiment analysis. It gives each and every person feedback as 

positive or negative or average about the lecture in graph 

format. following are the steps involved in sentiment analysis. 

 

I. ARCHITECTURE DIAGRAM 

 

 
 

 

 

 

 

 

 

 

II. SENTIMENT ANALYSIS IMPLEMENTATION 

 

A. DETECTING THE END OF SENTENCES AND 

WORDS: 

 

If we have a paragraph of text in a string variable input, a 

simple and limited way of dividing it into sentences would be 

to use input.Split('.') to obtain an array of strings. Extending 

this to input.Split('.', '!', '?') would handle more cases correctly. 

But while this is a reasonable list of punctuation characters 

that can end sentences, this technique does not recognize that 

they can appear in the middle of sentences too. Take the 

following simple paragraph: 

Using the Split method on this input will result in an array 

with five elements, when we really want an array with only 

two. We can do this by treating each of the characters '.', '!', '?' 

as potential rather than definite end-of-sentence markers. We 

scan through the input text, and each time we come to one of 

these characters, we need a way of deciding whether or not it  

marks the end of a sentence. This is where the maximum 

entropy model comes in useful. A set of predicates related to 

the possible end-of-sentence positions is generated. Various 

features, relating to the characters before and after the possible 

end-of-sentence markers, are used to generate this set of 

predicates. This set of predicates is then evaluated against the 

MaxEnt model. If the best outcome indicates a sentence break, 

then the characters up to and including the position of the end-

of-sentence marker are separated off into a new sentence. 

 

All  this functionality is packaged into the classes in the  

OpenNLP.Tools.SentenceDetect namespace, so all that is 

necessary to perform intelligent sentence splitting is to 

instantiate an EnglishMaximumEntropySentenceDetector 

object and call its SentenceDetect method: 

usingOpenNLP.Tools.SentenceDetect;         

EnglishMaximumEntropySentenceDetectorsentenceDetector =  

newEnglishMaximumEntropySentenceDetector(mModelPath 

+ "EnglishSD.nbin"); 

string[] sentences = sentenceDetector.SentenceDetect(input); 

The simplest EnglishMaximumEntropySentenceDetector 

constructor takes one argument, a string containing the file 

path to the sentence detection MaxEnt model file. 

Tokenizing sentences 

Having isolated a sentence, we may wish to apply some NLP 

technique to it - part-of-speech tagging, or full parsing, 

perhaps. The first step in this process is to split the sentence 

into "tokens" - that is, words and punctuations. Again, the 

Split method alone is not adequate to achieve this accurately. 

Instead, we can use the Tokenize method of the 

EnglishMaximumEntropyTokenizer object. This class, and the 

related classes in the OpenNLP.Tools.Tokenize namespace, 

uses the same method for tokenizing sentences as I described 

in the second half of the Sharpentropy article, which I won't 

repeat here. As with the sentence detection classes, using this 

functionality is as simple as instantiating a class and calling a 

single method: 

usingOpenNLP.Tools.Tokenize; 

 

EnglishMaximumEntropyTokenizertokenizer =  

newEnglishMaximumEntropyTokenizer(mModelPath + 

"EnglishTok.nbin"); 

string[] tokens = tokenizer.Tokenize(sentence); 
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This tokenizer will split words that consist of contractions: for 

example, it will split "don't" into "do" and "n't", because it is 

designed to pass these tokens on to the other NLP tools, where 

"do" is recognized as a verb, and "n't" as a contraction of 

"not", an adverb modifying the preceding verb "do". 

 

B. PART-OF-SPEECH TAGGING 

Part-of-speech tagging is the act of assigning a part of speech 

(sometimes abbreviated POS) to each word in a sentence. 

Having obtained an array of tokens from the tokenization 

process, we can feed that array to the part-of-speech tagger: 

usingOpenNLP.Tools.PosTagger; 

 

EnglishMaximumEntropyPosTaggerposTagger =  

newEnglishMaximumEntropyPosTagger(mModelPath + 

"EnglishPOS.nbin"); 

string[] tags = mPosTagger.Tag(tokens) 

The POS tags are returned in an array of the same length as the 

tokens array, where the tag at each index of the array matches 

the token found at the same index in the tokens array. The 

POS tags consist of coded abbreviations conforming to the 

scheme of the Penn Treebank, the linguistic corpus developed 

by the University of Pennsylvania, Table1. 

 

                                       Table1.Parts of Speech 

1. CC-    Coordinating conjunction 

2. CD -   Cardinal number 

3. DT-    Determiner 

4. EX -   Existential there 

5. FW  -  Foreign word 

6. IN- reposition/subordinate/conjunction 

7. JJ-    Adjective 

8. JJR-   Adjective, comparative 

9. JJS-   Adjective, superlative 

10. LS-    List item marker 

11. MD-    Modal 

12. NN-    Noun, singular or mass 

13. NNP-   Proper noun, singular 

14. NNPS-  Proper noun, plural 

15. NNS-   Noun, plural 

16. PDT-Predeterminer 

17. POS-   Possessive ending 

18. PRP-   Personal pronoun 

19. PRP$-  Possessive pronoun 

20. RB-    Adverb 

21. RBR-   Adverb, comparative 

22. RBS-   Adverb, superlative 

23. RP-    Particle 

24. SYM-   Symbol 

25. TO-    to 

26. UH-    Interjection 

27. VB-    Verb, base form 

28. VBD-   Verb, past tense 

29. VBG-   Verb, gerund/present participle 

30. VBN-   Verb, past participle 

31. VBP-   Verb, non-3rd ps. sing. present 

32. WDT-wh-determiner 

33. WP-wh-pronoun 

34. WP$-   Possessive wh-pronoun 

35. WRB-wh-adverb 

36. ``-    Left open double quote 

37. ,  -   Comma 

38. '' -   Right close double quote 

39. .  -   Sentence-final punctuation 

40. :  -   Colon, semi-colon 

C. FINDING PHRASES 

 

             The OpenNLPchunker tool will group the tokens of a 

sentence into larger chunks, each chunk corresponding to a 

syntactic unit such as a noun phrase or a verb phrase. This is 

the next step on the way to full parsing, but it could also be 

useful in itself when looking for units of meaning in a sentence 

larger than the individual words. To perform the chunking 

task, a POS tagged set of tokens is required which can be 

identified in Table2. 

                                       Table2.Phrases 

 

 The EnglishTreebankChunker class has a Chunk method that 

takes in the string array of tokens and the string array of POS 

tags that we generated by calling the POS tagger, and returns a 

third string array, again with one entry for each token. This 

array requires some interpretation for it to be of use. The 

strings it contains begin either with "B-", indicating that this 

1. ADJP – 

Adjective Phrase 

2. ADVP - 

Adverb Phrase 

3. CONJP- 

Conjunction Phrase     

4. INTJ-   Interjection 

5. LST- 

List marker 

6. NP- 

 Noun Phrase 

7. PP-      

Prepositional 

Phrase 

8. SBAR- 

Clause 

introduced by a 

subordinating  

9. UCP- 

Unlike 

Coordinated 

Phrase 

10. VP- 

Verb Phrase 

11. PRT- Particle 
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token begins a chunk, or "I-", indicating that the token is 

inside a chunk but is not the beginning of it.The 

EnglishTreebankChunker class also has a GetChunks method, 

which will return the whole sentence as a formatted string, 

with the chunks indicated by square brackets. This can be 

called as follows: 

 

usingOpenNLP.Tools.Chunker; 

 

EnglishTreebankChunkerchunker =  

newEnglishTreebankChunker(mModelPath + 

"EnglishChunk.nbin"); 

stringformattedSentence = chunker.GetChunks(tokens, tags); 

The Tools Example application uses the POS-tagging code to 

generate the string arrays of tokens and tags, and then passes 

them to the chunker. The result shows the POS tags indicated 

as before, but with the chunks shown by square-bracketed 

sections in the output sentences. 

 

 

V.CONCLUSION 

 
In this paper, we develop a joint framework based on sentence 

segmentation for sentence-level sentiment 

classification.Unlike existing sentiment classification 

algorithms that build sentiment classifier based on the 

segmentation results from bag-of-words or separate 

segmentors, the proposed method simultaneously generates 

useful segmentations and predicts sentence-level polarity 

based on the segmentation results. Wedescribe the three 

constituents of the framework: a candidate generation model 

with a constrained beam-search approach, a segmentation 

ranking model with dedicated marginal log-likelihood training 

objective, and a sentiment classification model with 

supervised learning. Our joint framework is effectively trained 

from sentences annotated with only sentiment polarity,without 

any syntactic or polarity annotations of segmentations. 
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