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ABSTRACT 

In the era of the web, a huge amount of 

information is now flowing over the network. 

Since the range of web content covers subjective 

opinion as well as objective information, it is 

now common for people to gather information 

about products and services that they want to 

buy. However since a considerable amount of 

information exists as text-fragments without 

having any kind of numerical scales, it is hard to 

classify their evaluation efficiently without 

reading full text. Here we will focus on 

extracting scored ratings from textfragments on 

the web and suggests various experiments in 

order to improve the quality of a classifier. 

Index Terms—Incremental Learning, 

Sentiment Analysis, Ensemble Learning. 

 

1. INTRODUCTION 

about the quality of their services in order to 

improve andmake more profits. Restaurant goers 

may want to learn fromothers’ experience using 

a variety of criteria such as foodquality, service, 

ambience, discounts and worthiness. Yelpusers 

may post their reviews and ratings on businesses 

andservices or simply express their thoughts on 

other reviews.Bad (negative) reviews from one’s 

perspective may have aneffect on potential 

customers in making decisions, e.g., apotential 

customer may cancel a service and persuade 

otherdo the same.There is no lack of studies on 

the Yelp dataset fromdifferent viewpoints that 

unveil valuable information ona wide range of 

topics such as the effect of promotionstrategies 

[1], the benefit of retrieving knowledge 

fromimplicit user feedback [2], or the important 

role of localreviewers [3]. The limitation of most 

studies is the inabilityto capture rapid changes in 

knowledge so that the findingsare valid only 

under a static view of business activities. Inthe 

real world, an evolving data source such as Yelp 

maybe better modeled with a dynamic approach 

to accuratelyreflect continuous changes in 

business activities. Incrementallearning, an 

example of such a dynamic approach, has 
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theability to learn a new concept without 

retraining on theentire dataset. The question is to 

quantify how customers andbusinesses are 

influenced and how business ratings changein 

response to recent feedback with an incremental 

learningapproach.Incremental learning supports 

two approaches: instanceand batch solutions, 

which differ by batch size. The batchapproach 

requires a full batch of examples to train so thatit 

learns from the most recent data examples as 

they comein since it has to wait till a sufficient 

number of examplesthat can be called a batch 

becomes available. Among stateof-the-art 

classifiers, our work focuses on ensemble 

learningwhere the ability to integrate a new 

model or to eliminate anold model is an 

advantage of its design. We use the 

RandomForests approach, a popular ensemble 

method, in building 

our proposed incremental learning model.Given 

a decision tree, the ability to induct a new 

datainstance into it relies on how a new split can 

be processed.Maintaining all relevant examples 

at each node is thesimplest solution, but costly in 

terms of memory. Withoutkeeping this 

information, there is no way to make a newsplit 

in response to an incoming data instance due to 

therecursive design.Our proposed algorithm has 

two main contributions asFollowsWe propose an 

incremental learning approach totrain with high 

accuracy compared to other stateof-the-art 

incremental methods.• We demonstrate that our 

solution generates comparableresults with 

offline models at each incrementalsize. 

2. RELATED WORK 

Incremental learning is inspired by the need to 

usedata mining algorithms on stream data, where 

training datainstances come along a timeline. An 

early model, incrementalinduction decision tree 

[4], reconstructs a decisiontree by determining a 

feasible split after each incoming datainstance 

arrives. The downside of this approach is that it 

ispossible to produce an unstable tree in some 

rare cases when 

the splitting feature may be shuffled repeatedly 

as a result ofincoming data. Furthermore, a 

single decision tree has been known to be 

outperformed by a forest of decision trees 

(anensemble model) that uses consensus 

opinion.With training data arriving on a time 

line, incoming datacannot be used to correct a 

previous split when decision at aparticular node 

has been made. To overcome this 

problem,Domingo et al [5] keep several splitting 

candidates in everyleaf and propose a method, 

known as Hoeffding bound toestimate the 

probability of a good split. The 

implementationof this method in the form of 

Hoeffding Trees is reportedto have better 

performance [6]. 

 non-tree single learner such as Online 

Naive Bayesclassifier proposed by [7] uses 

updated counters incrementallyto compute the 

probability of the class the new examplebelongs 

to. A recently proposed incremental Naive 

Bayes (inshort iNB) algorithm [8] computes the 
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posterior probabilityof test examples in each 

class and class conditional probabilityafter an 

incoming data example arrives, and uses them 

toadjust the degree of error between 

classification predictionand observation. 

 Stochastic Gradient Descent [9], an 

example classifierthat works in 

incremental/online setting makes, does notmake 

a distribution assumption. A variant of 

StochaticGradient Descent, known as 

Factorization Machine (FM)[10], uses 

regularization automatically in training. Usinga 

polynomial kernel, FM is often comparable to 

SupportVector Machines (SVM) but works well 

with sparse data.As the performance of FM is 

stable in this study in allexperiments, we use it 

as a representation of SGD in ourstudy. 

 Under online category, several solutions 

have been suggestedincluding Random Forests 

(ORF) [11], HoeffdingTree [12], and online 

Mondrian Forest [13]. However, noneof these 

approaches have been used for sentiment 

analysis. 

3. PROBLEM STATEMENTS  

Many researchers have done experiments to 

classify the sentiments of the customers on 

different datasets earlier. Like Turney (2002) 

used a semantic orientationalgorithm to classify 

reviews based on the numbersof positively 

oriented and negatively oriented phrasesin each 

review.Pang et al. (2002) used machine learning 

tools such as Naïve Bayes, Maximum Entropy 

and Support Vector Machine (SVM) classifiers 

to classify movie reviews using a number of 

simple textual features. 

 

3.1 DISADVANTAGES 

 

This type of classification is only done when the 

classifier has to work on the binary data which is 

not the case with Restaurant Reviews.However, 

from a practical point of view perhaps the most 

serious problem with SVMs is the high 

algorithmic complexity and extensive memory 

requirements of the required quadratic 

programming in large-scale tasks.If categorical 

variable has a category (in test data set), which 

was not observed in training data set,then model 

will assign a 0 (zero) probability and will be 

unable to make a prediction. This is oftenknown 

as “Zero Frequency”. 

 

4. PROPOSED SYSTEM 

Our proposed system is to apply natural 

language processing techniques to classify a set 

of restaurant reviews based on the number of 

stars that each review received.We develop a 

maximum entropy classifier to categorize each 

review from 1-star to 5-stars. We implement a 

set of features that we believe to be relevant to 

the sentiment expressed in reviews and analyze 

their effect on performance, providing insights 

into what works and why sentiment 

categorization can be so difficult.We analyze 

how a review’s conformance to a particular 

language model can be affected by the sentiment 

of the review We experiment with different 
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linguistically motivated models of sentiment 

expression, again using the results to improve 

the performance of our classifier We examine 

the effects of part-of-speech tagging on our 

ability to predict sentiment.We experimented 

with different methods of preprocessing the data. 

Because the reviews are unstructured in terms of 

user input, reviews can look like anything from a 

paragraph of well-formatted text to a jumble of 

seemingly unrelated words to a run-on sentence 

with no apparent regard for grammar 

orPunctuation. Our initial pass over the data 

simply tokenized the reviews based on 

whitespace and treated each token as a unigram, 

but we were able to improve performance by 

removing punctuation in addition to the 

whitespace and converting all letters to 

lowercase. In this way, we treat the occurrences 

of “good”, “Good”, and “good.” all as the same, 

which gives better predictive power to any test 

set review containing any of these three 

forms.Before converting into the unigram 

stemming was also done which means the 

various forms (tenses, verbs) of the words were 

removed and treated as a single word. After the 

matrix is build the non-frequent words are 

removed by setting a threshold in order to 

improve the accuracy. So our matrix includes 

relevant unigrams as well as bigrams which are 

occurring more than the threshold times. 

4.1 ADVANTAGES 

Good at pattern recognition problems/Data-

driven, and performance is high in many 

problems. End-to-End training: little or no 

domain knowledge is needed in system 

construction. Learn of representations: cross-

modal processing is possible/ Gradient-based 

learning: learning algorithm is simple/ Mainly 

supervised learning methods 

5. ALGORITHMS USED  

 

NATURAL LANGUAGE PROCESSING  

 

Natural Language Processing (NLP) is a sub-

field of Artificial Intelligence that is focused on 

enabling computers to understand and process 

human languages, to get computers closer to a 

human-level understanding of language. That 

being said, recent advances in Machine Learning 

(ML) have enabled computers to do quite a lot of 

useful things with natural language! Deep 

Learning has enabled us to write programs to 

perform things like language translation, 

semantic understanding, and text 

summarization.Since, text is the most 

unstructured form of all the available data, 

various types of noise are present in it and the 

data is not readily analyzable without any pre-

processing. The entire process of cleaning and 

standardization of text, making it noise-free and 

ready for analysis is known as text pre-

processing.To analyze a pre-processed data, it 

needs to be converted into features. Depending 

upon the usage, text features can be constructed 

using assorted techniques – Syntactical Parsing, 

Entities / N-grams / word-based features, 

Statistical features, and word embedding’s. Text 

classification, in common words is defined as a 
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technique to systematically classify a text object 

(document or sentence) in one of the fixed 

category. It is really helpful when the amount of 

data is too large, especially for organizing, 

information filtering, and storage purposes. 

6. CONCLUSION 

We have proposed an incremental learning 

algorithmand demonstrated its performance for 

learning sentimentanalysis. However the 

assumption that we know the set ofall possible 

values for features when extracting features 

isnot always practical. Our plan is to study 

hashing to tacklethis issue. 
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