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ABSTRACT 

Various natural language processing (NLP) tasks are carried out to feed into computerised 

decision support systems. Among these, sentiment analysis is gaining more attention. 

Sentiment analyzers are highly useful in enterprise business also. These systems aim to aid 

decision making for customers, manufacturers, etc. by providing easily accessible information 

when needed. There are huge number of social media sites such as Twitter, Facebook, 

BlogSpot, Amazon, etc. which are used for collecting the reviews of people about any entity. 

The web users act as an advisory body for various enterprises. Business people use this data 

for figuring out the major and minor flaws in their products or services. The primary 

objective of the thesis is to present some new results of investigations, demonstrating an 

application of Temposentiscore for problems related to categorization of reviews in web. 

Along with this, methods for effective pre-processing are also introduced i.e. textual 

normalization. 

The majority of state-of-the-art approaches to sentiment analysis rely on the social media 

content. Due to the growth in social media, the number of words per post is limited which 

give rise to the use of short hands, slangs, etc. This web content is highly un-normalized in 

nature. This hinders the performance of decision support system. To enhance the performance 

of decision support system, it is very much required to process data efficiently. This rises to 

formulate the novel method for textual normalization of web data during pre-processing 

phase which includes handling emoticons. In this, we have used semantic mapping of 

emoticons. We have used hybrid method which comprises two basic modules: cross–word 

dictionary and corpus based approach. It is aimed to get better results for different natural 

language processing tasks for automated decision support systems.  

Nowadays, there is an exponential rise in the available internet data. People prefer writing in 

native language either full content or some of the content. For handling full content, various 

multilingual approaches are used. The problem is how to deal when some foreign language 

content is studded into base language content. This helps us to formulate such a system to 

deal with this type of content i.e. macaronic content. Proposed algorithm outperforms state of 

the art sentiment analysers which simply discard such content. 

Outdated reviews may result in biased sentiment analysis which may or may not present the 

current scenario. To remove this limitation, we are trying to implement temporal sentiment 

analysis of reviews by providing more weightage to latest reviews. Further, sentiscore is 

redefined in terms of temposentiscore. For the generation of temposentiscore linguistic rules 
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as well as meta data associated with the content has considered. Temposentiscore results have 

been compared with sentisore generated by twitter opinion mining(TOM) algorithm. 

Effectiveness of proposed temposentiscore generation of web data is demonstrated with the 

help of star rating. 

Finally, we have analysed various learning algorithms based on different performance 

metrics.  Effect of proposed pre-processing i.e. textual normalization has been analysed  
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1. INTRODUCTION 

The intersection between social media and user generated content arose a great deal of 

research in the area of sentiment analysis (SA). SA is present in many spheres of our daily 

lives, whether we realise or not. It affects how we shop, work, sale, etc. SA is a collaborative 

process of natural language processing and data mining. The work in SA is a subset of text 

engineering. This can also be defined as to process various sentiment signals to support 

automatic decision generation. Diffusion of sentiment signals into binary form is the prime 

task of SA, i.e. positive and negative. Refinement in the level of granularity was proliferated 

along with the technical hikes in the machine learning. 

1.1 Evolution in Sentiment Analysis[1] 

During the time span of early 2000s, researchers were working on the polarity check on the 

document, i.e., positive, negative or neutral signals. Prior, the evaluation was done at the 

document level, but gradually drifted to sentence level (i.e., considering only subjective 

sentences) and nowadays enti5ty\feature level is increasing. Due to this evolution, definition 

of SA has also changed it as shown in Fig. 1. 

 

Fig. 1: Evolution of Sentiment Analysis 

 

Definition 1[1]: A SA is a process having binary  tuples, ‘e’ is the entity for which the 

document is about and ‘s’ is the sentiment about the document, i.e., 

SA = {e, g}. 

It gives the output as the only entity with its corresponding opinion. This definition does not 

focus on the issue that “Who is the opinion holder”. The opinion holder may also change his 

opinion with time, due to which the dissimilarity can arise. Thus, researchers came up with 

another definition: 
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Definition 2[1]: SA composed of four tuples, ‘g’ is an aspect of the entity, ‘s’ is sentiment, ‘h’ 

is opinion holder and ‘t’ is time of opinion, i.e., SA = {g, s, h, t}. It was realised that a 

document can contain views about more than one aspect of an entity. To cope up with this 

problem definition was again revised. 

Definition 3[1]: SA now is a quintuplet consisting ‘e’ is an entity, ‘a’ is an aspect of the 

entity, ‘s’ is the sentiment on aspect, ‘h’ is opinion holder and ‘t’ is time of opinion, i.e., SA 

= {e, a, s, h, t}. 

These evolution makes sentiment analysis refined using finer level of granularity. In this 

thesis, we focus on the temporality, unstructured web data in textual form and multilingual 

content. 

1.2.  Research Gaps 

By reviewing the history, it tends to form a need of deeply analyse the existing research 

work. Various research aspects which are still untouched or needs more attention. There are 

many available survey in SA but in this thesis, we attempt to compile the research done till 

date. We also have identified various research directions-like unstructured sentences, 

temporal tagging  and  multi-lingualism. 

1.2.1. Temporality 

With coming technological era, people are much aware of the importance of communication. 

Delivere right message at the right time gives good effect over others. If the manufacturer 

know about thr flaws in his product or able to know the criticism of the people towards the 

product, he might be able to deal with it at the right time. It not only give him good results 

but also swing the mood of people towards his product. Sentiment analysis gives best results 

if temporality is captured along with.   

1.2.2 Normalization 

People who triggered the tweets or any content over social media hardly think much about 

the syntactic and semanctic structure of the content. They sometimes use slangs, emoticons or 

their native language words to blow out their sentiment about any entity. This makes the task 

of data analysis complex. This sometimes contains less or more noisy data. So, before 

analyzing the sentiments attached to that content, we firstly pre-process the data. This not 

only gives us effective results but also increase the reliability of decision support system. 
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1.2.3 Multilinguality  

In this multilingual heterogeneous web content, different societies use different languages 

and their way of writing is also varies. They have the freedom to use their native language 

too. Due to the scarcity of the language resources over the web, it becomes very difficult to 

handle all the possible language over the globe. It is a challenging task of a natural language 

processing. The irregularities found in the data over the internet make it more complex. 

Depends on the availability of the majority group in a society, nation, nation-state, or 

community, monolingual systems are designed. These systems somehow have very limited 

number of formal users. This type of formalism in sentiment analysis limit the system to 

specific users. The reviews from all the users of a particular entity are valuable. A 

multilingualism in sentiment analysis raises the need for having an ideal sentiment analysers 

which makes the user free to write anything .i.e. multilingual sentiment analysis. People these 

days write their reviews in compound language words. The reviews from all the users should 

be included for sentistrength detection. 

1.3. Performance measurement[1] 

There are the following metrics broadly used to evaluate the system performance: 

Precision, Recall, F-measure, human annotator agreement and accuracy. 

To calculate precision, recall and accuracy the following metrics need to be defined: 

• True positives (TP): Number of positive examples labelled as positive. 

• False positives (FP): Number of negative examples labelled as positive. 

• True negatives (TN): Number of negative examples labelled as negative. 

• False negatives (FN): Number of positive examples labelled as negative. 

• Correct output (CO): Number of outputs of the system which are considered as 

correct by the human annotators. 

1. Recall : It is the percentage of named entities present in the corpus that are found by the 

learning system. It is poor in case of less training data due to which the system is unable to 

cover all the terms.  

Re call(R) = TP / (TP + FN )                                                                       

2. Precision : It is the accurate number of named entities found by the learning system. It is 

found high if it gives correct results.  

Pr ecision (P) = TP / (TP + FP) 

3. Accuracy: It is defined as the ratio of addition of true positive, true negative and true 

positive, true negative, false positive, false negative.  
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Accuracy( A) = (TP +TN ) / (TP +TN + FP + FN ) 

4. Human agreement (HA): It is the percentage of agreement between two or more humans 

for the correct output of the system. It is measured in terms of accuracy of the system by 

human annotators. It is  also called as human annotator agreement.  

Human annotator agreement = (CO) / (TP +TN + FP + FN ) 

1.4. Dataset  

i)  Polarity dataset v1.1[1]. 

Consists 700 reviews of positive and 700 for negative from the benchmark dataset 

vol.1. 

Consists 1k reviews of positive and 1k for negative from the benchmark dataset vol.2.  

ii)  Customized data for Macaronic language. 

Dataset with manual subjective annotations using inter annotator agreement.   

It consists  1k reviews in positive and 1k in negative category to remove  biasing. 

iii) Reviews for different models of Ford car[3]. 

Total number of reviews: ~42,230 

 ~ 18,903 reviews in each category 

1.5.  Hardware 

We ran the algorithms on Window 7 32-bit operating system IntelA. 

i3 processor 530@ 2.93 GHz machine.  

1.6.  Objectives 

The main contribution of the thesis is explained as: 

1) To Normalize web content containing slangs, emoticons and misspelled words. 

2) To handle Macaronic language content for Sentiment analysis. 

3) To capture the essence of hidden temporatily in sentiment analysis.  

4) To analyse various supervised learnig approaches in different datasets.  
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2. LITERATURE REVIEW 

2.1.  Sentiment Analysis 

Sentiment analysis is at the cross roads of Automatic Decision Support Systems, aims at 

finding the opinion regarding any entity by the web users. This work is proliferated with the 

rise in social media content and availability of writing freely over the internet. After efficient 

pre-processing of the text, we apply sentiment analysis over the given documents. In literature 

two kinds of approaches are conferred i.e. Corpus based and Dictionary Based. Both of these 

approaches has their own pros and cons. Corpus based approaches are basically depends upon 

the term frequency  value for positive and negative terms appeared in any document. Pang et 

al.[2] used fine gained corpus for not only detecting the sentiment but also the implicit aspect 

and the global entity about which the sentiment is generated. They have used camera and 

mobile phone reviews for their work. This also enhanced the work of implicit entity detection 

in sentiment analysis. In their work thay have shown the importance of corpus based 

sentiment analysis. Dictionary based approach is very significant in case of domain dependent 

sentiment analysis. The only drawback is to large volume of dictionary items give better 

results. Hogenboom et al. [3] used domain dependent  semantic orientation for sentiment 

analysis. Lexicon based approach for sentiment analysis was used by them. The investigation 

of the feature importance and contextual information in deducing the sentiment has done by 

them. Outperformance of the results of their system with respect to the state of art sentiment 

analysers was shown in their work. Lin et al.[4]  have identified the circumstances for the 

growth of individual advancement for cross-disciplinary work. Dictionary based approach 

was included. In their work, they have primarily embedded artificial intelligence in the form 

of neural networks for opinion mining. Different agent based approaches are employed for 

their work. Their work results are significiant in some areas but are not generic in nature. 

Later, people work in finding the relation of various entities in the field of sentiment analysis. 

This further increases the need of having efficient sentiment analysers. McCord et al.[5] used 

random walk and iterative regression for first building concept level lexicon. They have used 

commonsense for the annotation of the lexicons. Later, the correlation between stock price 

and the reviews of stock finance through sentiment analysis was found. Their work highlights 

the need of accessing the reviews efficiently for automation of decision support system. 

Yuhai et al.[6] developed a strategy to extract sentiment from textual as well as visual web 

data in a combined way. The results are better as compared to state-of-art sentiment analysis 

in Chinese language as well as visual sentiment analysis individually. From the recent studies, 

we have analyzed that some researchers used dictionary based technique and some used 

corpus based approach to deal with the slangs, misspelled words, emoticons, etc. This paper 

proposes a novel hybrid approach which uses lexicon and corpus based approach in a 

combined manner. The embedding of both lexicon and corpus based approach gives better 

results for sentiment analysis. 

2.2 Normalization 

Nikola et al.[7]  have normalized the text using character-level statistical machine translation 

system and training through manually annotated dataset. From their work, it is proved that 



10 
 

automated normalization of data is more efficient than manual normalization. Dealing with 

slangs was still in question. Their results were further modified by Francois et al. [8]. They 

have worked over the normalization of the textual data using finite state transducers. Results 

have shown that their system outperformed the state of art machine translation. Later, due to 

the growth in free choice of writing over the internet people started writing in short forms. 

These short forms were taken as misspelled words by various language analysers. Alistair et 

al.[9] have used the variations in spellings written by people. For normalization training 

through the tool over human annotated dataset was used. They were also focused for 

correcting spelling for specific word i.e. keyword. Further, Deana et al.[10] has proved the 

effectiveness of normalized text over the performance of text to speech system. Their 

research also helped normalization in gaining more attention. Wang et al.[11] presented an 

approach for normalization using  machine translation. Correction of mistaken punctuation 

along with filling up with the missing words was included in their work. Results of proposed 

approach outperformed but its performance was completely depends over the translator’s 

effectiveness. Tyler et al.[12] said in their work that normalization was not the matter of just 

replacing the words, but it actually depends on the target application. System was designed by 

them to handle domain dependent normalization. Zhang et al.[13] worked for performing all 

the necessary steps to have the formal structured content. Chieu et al.[14] have used the 

corpus based technique for short message normalization. In their work, translation of the short 

messages to formal English language was handled. Chieu et al.[15]  and  Nasukawa et al. [16] 

both normalized the text independent to the discipline in which it was used. Our approach is 

also based on this fact to have a normalized text for general purpose.   

2.3 Multilinguality 

Earliest works in the area of sentiment analysis is done by Hatzivassiloglou et.al[17]. They 

have used adjectives for deducing the polarity of the document. His work is then elaborated 

by Pang et.al.[18].  They mainly focused over the supervised learning algorithms. They have 

used various machine learning algorithms for their work. The continuation of their work in 

the field of sentiment analysis is given in [19,20], where they have used minicut algorithm for 

opinion summarization and also presented various opinion mining techniques. Latest research 

paying more attention to the sentiment analysis over the data collected from various social 

sites. Researchers [21,22] have used social media data for the sentiment analysis. Connor 

et.al. [22] have used twitter data for sentiment analysis based on time series. Yang and Liang 

[23] proposed a new approach for identification of natural language, i.e., joint approach based 

on N-Gram frequency statistics and Wikipedia.Carter et al.[24] have used N-gram approach 

to identify five languages from the microblog. Later Lui et.al.[25]  followed same approach 

over the long and short textual documents. A detailed study of sentiment analysis at various 

levels of granularity[27] is explained by Kaur et.al. Out of this literature study, we have found 

that the inclusion of normalization of macaronic language still needs attention. In this 

manuscript, we proposed a model to deal with the macaronic language for sentiment analysis. 
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CONTRIBUTION OF THE WORK 

The contribution of the thesis is based on the following objectives formulated from the 

researcg gaps. The objectives of the thesis are normalization of the web content including 

handling emoticons as well as macaronic content, capturing the essence of temporality and 

analyse various machine learning algorithms. 

3.1.  NORMALIZATION OF THE WEB CONTENT FOR SENTIMENT ANALYSIS 

3.1.1 Introduction 

Natural language processing is the key to unlock various decisions using narrative web 

content.  The automation of decision support system widely relies over the performance of 

natural language processors. Data available over the web sphere in various forms such as text, 

audio, video or pictures. Due to the arbitrary nature of the language, this data is unstructured 

in nature. Efficiency of decision support system also gets affected by this unstructured data 

processing. This may sometimes hinder the performance of sentiment analyser thus affecting 

the decision support system. In this process, initially, data is collected from the various social 

sites for automation of the decision support systems. Then data is pre-processed to get the 

structured content which includes removing the redundant content, cleaning and 

normalization. Later, various language processing tasks are carried out. Depending on the 

requirement, the results of the language processor is filtered out for the automation of 

decision support system. In our work, we have taken the result of sentiment analyzer (SA) 

into account.  

The proliferation of web data primarily as communication medium give rise to the existence 

of unstructured content in the form of posts, blogs, reviews, etc. This web data is rich 

indicator of people’s reaction for any entity.  This reaction of people is analysed and termed 

as sentiment analysis in the field of natural language processing. 

Classification of this web data into predefined categories i.e. positive, negative or neutral is 

the task of sentiment analyser. The web content is usually the raw data which is taken as an 

input by the sentiment analyser. To reduce the performance degradation, it is necessary to 

pre-process data efficiently. Given the importance to minimize the human intervention in 

sentiment analysis and to get better results, systematized and efficient mechanisms is the need 

of the hour. Normalization is the basic task to handle performance degradation of various 

natural language processing tasks. The term normalize in past is taken as to just make the 

content in well structured format. These days normalize has broader term in the field of 
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natural language processing. It includes handling slangs, spell correction, finding missing 

words, cleaning the text, etc. 

 

Fig. 2: Proposed System Design for  Normalization 
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3.1.2. Approach 

Our proposed work includes the system design and algorithm to handle unstructured or noisy 

data for sentiment analysis. Although the presented algorithm is generic in nature, we have 

applied and tested it for sentiment analysis. The hybrid framework of the proposed system for 

sentiment analysis primarily consist pre-processing and sentiment strength calculation as 

shown in Fig.2. Pre-processing further includes tokenization, cleaning of data and 

normalization. Out of these, normalization affects the results to a great deal. It consist two 

stages for normalization: 

 Handling emoticons or slangs using pre-defined list of positive and negative 

emoticons along with cross word dictionary. 

 Handling slangs using maximum likelihood ratio. 

For normalization, a corpus based module and a dictionary based module as a pre-processing 

of the textual data is included. It is composed of rich vocabulary of slangs in the form of 

normalized cross word dictionary and a corpus based term frequency vector for bigrams and 

trigrams. We have normalized the data by eliminating the slangs, emoticons, noisy text, etc 

using dictionary.  

3.1.3. Results and discussion 

On comparison from table 1, we found better results for the normalized dataset than un-

normalized data. This shows the importance of normalization for any natural language 

processing task. Another significance of normalized data is reduces the fallout. For Naïve-

Bayes, we get equal fallout for normalized and un-normalized dataset. On the contrary, we 

have also found the recall and precision values are raised in normalized data processing. Fig.3  

shows the performance of various supervised and unsupervised approaches. We found better 

results using SVM. It is noticeable that there is a trade-off between recall and fallout, 

precision and fallout. Naïve Bayes gives minimum fallout and k-NN has maximum value of 

recall, precision and accuracy. The highest value of fallout in k-NN reduces its performance 

in some cases wherever we need less fallout value. It depends on the application and domain 

to choose the learning algorithm. 

After successful normalization using hybrid approach, we have applied sentiment analysis 

over the given dataset. We have shown the variations in the results using Fig.3. It clearly 

shows that the normalization affects the results of sentiment analyzer to a great deal. After 

applying hybrid normalization on the dataset for sentiment analysis, we have found variations 

in the documents fall in positive and negative category shown in Fig. 4. These results may 
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differ for different datasets. Results getting after normalization are more realistic as it is more 

close to the gold standard shown in Fig. 5. We have found that hybrid approach based 

normalization gives better results than rule based and corpus based in terms of average 

accuracy. 

 

Table 1: Results for both un-normalized and normalized datasets. 

Dataset Model Precision Recall Accuracy F-measure Fallout 

Un-normalized SVM 51.38 
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Normalized SVM 53.29 
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Fig. 3: Results Based On Normalization 

 

Fig. 4: Categorization of Reviews based on Proposed Algorithm 

 

Results getting after normalization are more realistic as it is more close to the gold standard 

shown in Fig.5. We have found that hybrid approach based normalization gives better results 

than rule based and corpus based in terms of average accuracy. 

3.1.4.Conclusion 

To conclude, we can say that the proposed algorithm is very close to the Gold standard. 

Therefore, it is very effective in case of sentiment analysis. It refines the positive and negative 

category reviews. Due to its generic nature, it can be applied to other domains also. The 
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generality of the algorithm makes it beneficial in various language processing tasks such as 

summarization, named entity recognization, etc. 

 

3.2.  HANDLING MACARONIC TEXT 

3.2.1.Introduction 

Sentiment analyzers are highly useful in enterprise business. There are huge number of social 

media sites such as Twitter, Facebook, BlogSpot, Amazon, etc. which are used for collecting 

the reviews of people about any entity. The web users act as an advisory body for various 

enterprises. Business people use this data for figuring out the major and minor flaws in their 

products or services. This also helps them to improve their product quality. There is no 

language barrier to write anything over the internet. This makes the task of sentiment 

analyzers a bit complex. Nowadays, there is large number of sentiment analysers available for 

different languages. Along with multilingual text, people also use macaronic language over 

the internet. Basically macaronic language consists multilingual text which comprises of 

different languages/scripts together. With growing diversity, it has become of utmost 

importance that we acknowledge the existence of this kind of text. Especially, in the world 

where expressing opinions from anywhere in the world has become a fairly easy task. Twitter 

and Facebook information is the best way to keep a tab on the ongoing events, opinion of 

general public, trending topics etc. However, one big challenge of this kind of information 

mining is the redundant and incongruous elements, we find along the way. Handling 

macaronic language not only useful in sentiment analysis but also in many natural language 

processing tasks such as  named entity reorganization , pronoun resolution, feature extraction, 

etc.   

However, there stands an obstacle in our way, while mining the text in one language; we 

seldom are able to handle a different language in the same context. Present day analysers 

generally treat the other language/script words as foreign words, and lose major information 

in not treating these words.  Processing this information is very useful for various automatic 

language processing tasks i.e. named entity recognization, pronoun resolution, and automatic 

summarization along with sentiment analysis.  

The given sentence is an example of macaronic text, it consists words other than base 

language. 

Example1: I am feeling अच्छा  by watching this movie. 
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Here the Hindi language word (अच्छा) of the context is taken as garbage and tossed aside and 

the English portion of it will be taken into consideration. With this, meaningful information is 

lost. Here, the opining about the movie is missed. We don’t particularly know the opinion 

because it has been tossed aside. Similarly, if we apply the filter over the discarded words i.e. 

foreign words and converts everyword from Hindi  to English. We would be able to figure out 

the opinion about film.  

Motivation 

The motivation of the proposed technique is to handle the macaronic text by automatic 

identification of the fragments of the text belongs to different languages. The existing systems 

often discard the words other than the base language. The processing of the raw data often 

takes the text in multiple languages as an input. Sometimes, it discards text containing 

meaningful information. The proposed technique is designed to handle this type of discarded 

fragments. From example 1, it can be clearly seen that how important is the need to normalize 

the macaronic text for sentiment analysis. The state of the art sentiment analyzers gives the 

neutral opinion about the movie although it is positive.  

This arose the need to normalize the macaronic text. The proposed method is to fragment the 

text and auto-detect the language used in the text based on Unicode information at a script 

level which is different for every language/script. The deduction of the corresponding 

language of the specific fragment other than the target language is also presented. Hence, 

translate particular foreign text into a base language. For our convenience, we have taken the 

English as a base language. 

3.2.2. Approach 

The following approach has been taken to isolate and identify the language before embarking 

up on the journey to neutralize it through translation. The system design for the macaronic 

parser is given in Fig.6. Processing of the text passes through different phases of the system. 

Phase 1: In this phase, the input is given to the system as a web content i.e. macaronic 

text/simple.   

Phase 2: Based on tokens, filtration of the text is done at this level. The division of the text 

into base language and foreign words i.e. other than the base language is done. The tokens 

which are from the base language are separated first along with their index values. The 

foreign words are then actually processed. These foreign words are tagged as non English 

tokens. We have used the English as base language for our work. Therefore, we have used 

English WordNet for the processing. Non-English words are encoded as UTF-8. 
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Fig.6: System Design of Macaronic Language Handler 
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Phase3: In this phase, segmentation of the tokens is done based on UTF-8. Each token is then 

has its encoded value. 

Phase4:  Under this phase, translation or transliteration is being done depending upon the 

number of languages we want to handle to cope up with the macaronic language. In this 

manuscript, the model represents the structural format of the processing of text.  Based on 

UTF-8 encoding, automatic language detection algorithm is applied over it. After finding the 

language of the token, the working of translation or transliteration is started. The output of 

each sub-phase is the base/source language text. 

Phase5: In the final phase of the model, whole text (English/Hindi/Punjabi) is now converted 

into one language i.e. English. This converted text is then passed through the sentiment 

analyser to generate sentiscore for each document 

3.2.3.Results and Discussion 

We have evaluated the system over the semantically similar dataset comprises of 200  

documents i.e. English dataset and the dataset consists of the Macaronic statements which 

have various foreign language words studded into it. We have used customed lexicon for 

macaronic input i.e. Hindi words in a particular English sentence. We have applied NLTK 

pos tagger to find the opinionated words. SentiScore associated with the compound sentence 

i.e. contain foreign words from the Hindi along with English is calculated.These results are 

divided into two categories: Normalized dataset and Un-normalized dataset. The results 

obtained by the proposed method are graphically shown in Fig.7, Fig.8, Fig.9  and Fig.10.  
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Fig. 7: Performance of Proposed System Based on Fallout 

 

 

 

 

 

Fig. 9: Performance of Proposed System Based on Recall 

 

Fig. 8: Performance of Proposed System Based on Accuracy 
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Fig. 10: Performance of Proposed System Based on Precision 

 

 

Fig. 11: Comparison of Proposed and TOM System(Baseline) 
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3.2.3. Conclusion 

To recaptulate, it is found that the proposed system outperforms in every aspect of 

performance measure. Normalization greatly affects the fall-out rate in different learning 

approaches. Fall-out is almost reduced to half. Fig. 11 shows how proposed algorithm 

outperforms the Twitter Opinion Mining (baseline). 

 

3.3. TEMPO-SENTISCORE GENERATION FOR SENTIMENT ANALYSIS 

3.3.1. Introduction 

Outdated reviews may result in biased sentiment analysis which may or may not represent the 

current scenario. To remove this limitation, we are trying to implement temporal sentiment 

analysis of reviews by providing appropriate weightage to the reviews. The proposed 

algorithm addresses the challenge of real time query based sentiment analysis. The focus of 

this research is to device an algorithm which gives the real essence of sentiments in the 

textual communication.     

Our main contribution in this thesis is the inclusion of hidden temporality i.e. Temporal tag in 

sentiment analysis by categorizing the documents in present, past or future, using (a) 

linguistic rules by employing the semantic context of words in English; (b) Meta-Data  

associated with each review in the dataset. The effect of these rules are shown over the 

standard dataset. 

Another contribution is an algorithm which is designed to generate Tempo-Sentiscore. To test 

the performance of Tempo-Sentiscore, the Gold Standard is used.  This Tempo-Sentiscore 

allow us to have a more precise measure of the impact of temporality on the sentiment 

classification task. 

The objective is to better understand the impact of the temporality on the sentiment analysis. 

This thesis shows how the star rating get affected by considering Tempo-Sentiscore instead of 

Sentiscore. Through which we get the star rating closer to the real scenario. 

3.3.2. Approach 

To capture temporal expressions hidden in the linguistic context of words through linguistic 

rules as well as using metadata. 

For Example: The lens quality was good.         Posted on: 02/05/2018 

It contains two aspects: 

 i) According to the metadata(date of post) , the given review is in present. 

 ii) According to the linguistic rules (was,were, etc - past) , here the presence of the word 

‘was’ make the given review fall in past category . 
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We have proposed a system that generates the sentiment analysis of the documents based on 

metadata as well as linguistic temporality.The architecture of the system is as shown in  

fig.12. 

 Fig. 12: System Design For Tempo-sentiscore Generation 

 

Tempo-Sentiscore is calculated using equation 1.Sentiscore is calculated by the sentiment 

classification through term scoring using sentiwordnet. The values of c1, c2 and c3 are 

gathered by the survey of more than 300 responses. The average of the weightage given by 

human annotators for c1, c2 ans c3. i.e. present(c1), past(c2) or future(c3) is taken.  

 

 𝑇𝑆  =  
 


n

i

n

i

n

i 1 future1 past1 present C3*)(TempTagSentiscoreC2*)(TempTagSentiscoreC1*)(TempTagSentiscore

𝑛
 (1) 

 

The value of c1, c2 and c3 are found as 0.75, 0.15 and 0.10 respectively as per the average 

of their respective values collected by survey. The values of c1, c2 and c3 are query based. 

For the query asking for the present status of the ford car, the weightage given to the present 

reviews is more than past or outdated reviews. 
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Query 1: Are people happy with the ford car? 

All the reviews are taken for the analysis. Equal weightage is given to all the reviews 

irrespective to the temporal nature of the document. 

Query 2:  Were people happy with the ford car till 2017? 

In this, the reviews till 2007 are gathered. The reviews of previous years (.....,2015,2016) are 

taken as past, 2017 reviews are taken as present while the reviews of 2017 pointing towards 

the future are taken as future . 

To evaluate the effectiveness of the proposed system, we employed the experiments to 

overlap with the Gold standard. The variation in the Sentiscore i.e. Tempo-Sentiscore 

according to temporal tags is shown in Table 2. 

3.3.3. Results 

The experiment for Tempo-Sentiscore task was carried out using the manual annotation by 

different linguistic experts. As for the Tempo-Sentiscore, there was not any kind of baseline 

for the comparison. This arise the difficulty in evaluating the performance. To evaluate the 

effectiveness of proposed system, we employed the experiments to overlap with the gold 

standard. 

Table 3 : Assumption of Star Rating Based on Sentistrength and Tempo-Sentiscore 

Range of Sentiscore Rating  

0-0.2 * 

0.3-0.5 ** 

0.6-0.7 *** 

0.8-0.9 **** 

1 ***** 

 Table 2: Sentiment Analysis Based on Temporal Tagging 

Entity   Aggregated reviews 

based on temporal tag 

Aggregated 

Sentiscore of 

reviews  

Aggregated tempo-

Sentiscore   

Ford’07 past 0.57 0.19 

Ford’07 Present -0.20 -0.11 

Real time 

Sentiscore 
Past + Present 0.37 0.0895 
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For the star rating of any entity, Sentiscore plays a vital role. From table 3, it can be seen that 

the star rating is affected by real time Sentiscore to a great extent.  If the real time Sentiscore  

is used without temporal tagging, then ford’07 is rated as “**”.  On the other hand, with 

temporal tagging, it is rated as “*”. 

The trend followed by both the Sentiscore and Tempo-Sentiscore is almost the same. The 

magnitude of the Temp-Sentiscore is low as compared to the Sentiscore as shown in fig.13. 

Linguistic experts agreement helped in showing the Tempo-Sentiscore represent the real 

scenario of the opinion about any entity. 

 

Fig. 13: Effectiveness of the Proposed System 

 

3.3.4. Conclusion 

To conclude the results, it is noticed that tempo-sentiscore outperforms the standard 

sentiscore. It captures the essence of temporality along with sentiment of the entity. 

 

3.4.  ANALYSIS OF VARIOUS SUPERVISED LEARNING APPROACHES  

3.4.1. Introduction  



26 
 

There is no restriction over the use of any particular machine learning algorithm. We need to 

test different algorithms on the same dataset. Precision and recall values used by various 

algorithms gives the choice of machine learning algorithm best suited to that particular 

domain. In sentiment analysis, most of the work is based on paired classification of dataset 

i.e. +ve or –ve for sentiment analysis. Algorithms used for binary classification are Naive  
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Fig. 14: Comparison of Supervised learning approaches using dataset 2 

Bayes, SVM  and  Logistic Regression.  

3.4.2. Results and discussion 

Fig.14 shows the Precision, Recall and Accuracy for binary classification of movie reviews 

with the impact of stop words for the same dataset.  For our experiment, we have used three 

machine learning algorithms i.e. Logistic Regression(LR), Naive Bayes(NB) and SVM . 

Fig.15 and Fig. 16 shows the performance of given learning algorithms for dataset 1and  

dataset 2 respectively. 

3.4.3. Conclusion 

It is worth trying logistic regression for the movie review dataset. In the literature, researchers 

have used Naive Bayes, SVM, maximum entropy, etc. After the analysis of various results, 

we have found that logistic regression outperformed. From various aspects the results have 

been analysed i.e. the volume of data and stop word filtration. We have presented supervised 

learning scheme with 10-fold cross validation. Evaluation of results has shown that Logistic 

Regression is better than Naive Bayes for binary classification of the data. 

 

3.5.  CONCLUSION AND FUTURE SCOPE 

3.5.1. CONCLUSION 

To recapitulate, we formulate the following concluding points: 

3.5.1.1  INCREASE IN RELIABILITY 
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We have determined that the contribution of obejectives incearse the reliability of the system 

to a grest deal. It includes trimming to unwanted data or obsolete data upto an appropriate 

level. In some cases, less obsoletes data gets less importance as per the present data used for 

processing. The aim of presented work is to generate a sentiment for automated decision 

support system based on temporality. The reliability of the decision support system is 

increased as compared to the state of the art. The proposed temposentiscore is reliable. 

3.5.1.2.   EFFECTIVE PREPROCESSING 

Normalization has been used in data preprocessing before passing to sentiment analyser is 

also illustrated in this work. We have analysed how stop words filteration affect the results. 

Preprocessing also includes to deal with unstructured data contains slangs, syntactically weak 

structure. 

3.5.1.3. DOMAIN INDEPENDENCE 

The objectives associated with this work is domain independent. Algorithms are domain 

independent.Processing of macronic content for sentiment generation is also taken into 

account. Classification of multilingual reviews has been studied in this regard and found te 

results are better in the proposed approach. Our methods are domain-independent and 

robust. 

3.5.1.4. TEMPO-SENTISCORE 

In this work, we have coined a term Tempo-sentiscore which captures the temporality hinged 

with each review. This tempo-sentiscore is better than sentiscore in terms of automated 

decision support systems. 

3.5.2. FUTURE WORK 

We further plan to develop a system to handle with more than two languages as a macaronic 

text. We are trying to map it with UNL. Along with this, we would like to elaborate the 

temporality by increasing the granularity of tempo-sentiscore. Along with this, We plan to 

work on processing of long tail words which may change the magnitude of sentiscore. This 

intensity. 
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Summary  

 Work Done State of the Art 

Approach 

Improvement Future Work 

Objective 1 Normalization of 

textual data  

Give equal 

importance to each 

emoticons 

irrespective to their 

meaning. 

Apply Semantic 

analysis for mapping 

of each emoticons to 

English word. 

Will apply new 

techniques for fake 

reviews 

identification 

Objective 2 Capturing Hidden 

temporality from the 

textual data 

Used Meta data i.e. 

date of post, for 

feeding into temporal 

values 

Formulate rules 

using Linguistic and 

Metadata approach. 

Increase the 

granularity of the 

processing. 

Objective 3 Handling  Macaronic 

Language Content 

Neglect foreign 

language content 

from the processing. 

Macaronic parser 

along with 

normalization 

Processing of long 

tail words  

Objective 4 Choice and analysis of 

various supervised 

learning approaches 
- 

Found that how the 

volume of data 

affect the 

performance. 

Implement 

Adaboosting for 

model essemblling. 
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