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Abstract 
 

Sentimental Analysis has been a well explored field 

of classifying opinionated text into respective polarities 

(e.g. positive and negative) to gain an overall 

prescriptive of multiple opinions. Multiple algorithms 

have been used to classify text respectively to a 

polarity, especially with product reviews. Our goal is 

to improve data processing and feature selection to 

help improve the accuracy of Naive Bayes and 

Stochastic Gradient Descent (SGD) algorithms on 

book reviews. This project gets a best accuracy of 

55%; we conclude there are no improvement from the 

usual standard. 

 

1. Introduction. 
 

The research field of sentiment analysis branches in 

areas of natural language processing and linguistics. It 

is a problem that has been worked on vigorously. 

Sentiment analysis is yet still a growing field of 

research study, and it doesn’t take much imagination to 

understand why; opinion-rich resources such as online 

review sites and personal blogs are ubiquitous on the 

internet, and countless businesses, scientists, and other 

such entities are keen to the idea of tracking public 

sentiment from text, whether it be about particular 

products or public opinion of politician.  

Given the massive amounts of product reviews that 

are now available to users and the amount the user 

needs to access is much large. Our work works on 

classifying new, unlabeled product reviews into either a 

positive or negative sentiment, focusing on improving 

the algorithm. Our project strips down a created 

classifier and divides the overall procedure into more 

detailed, expanded steps, for the overall aim is to 

discover any elements that can positively affect some 

characteristic of the classifier, whether it be time spent 

fitting the classifier to the feature vectors, memory 

usage, or the actual accuracy of the classifier. We 

mainly focused on increasing the classifier’s accuracy. 

Our work is composed of three main parts; a type of 

feature vector model, an implementation - of lack of 

the implementation - of dimension reduction, and an 

actual classifier algorithm. We are using Naive Bayes, 

a commonly used classifier used for baseline 

classification analysis for our project in comparison 

with and stochastic gradient descent (SGD) [4].  

 

2. Related Work. 
 

     Here we care to mention some of the related works 

regarding sentiment analysis. Sentiment Analysis has 

been explored thoroughly. Work has been done on 

feature selection [7, 24] lexicon builders [2, 7, 18], 

word polarity [15], supervised [4, 16], unsupervised 

algorithms [4, 11, 21], and other algorithms [19]. 

Approaches to sentiment analysis work on document 

level [19], sentence level [6, 7, 11, 26], and aspect-

based features. 
     Different methodologies have been worked on 

grouping sentences together of similar attributes [21]. 

Sentiment Analysis has been explored in multiple 

domains with working with microblogs [1, 2, 7, 15, 

23], product reviews, news and blogs [17], politics [13, 

30] and other similar personal user domains. It has able 

been explored in different domains and domain 

adaptation of sentiment classification usage [5, 14]. 

Work has also been done on summarization of text 

using sentiment analysis [6, 7, 11]. Applications have 

been made to find correlations in people’s actions and 

behavior [9, 12]. Even work has been done a larger 

scale, literature review has already been made [8]. 
    There are several other areas of interest in sentiment 

analysis. Dealing context [2] and concepts. Summaries 

of current works, progress, and possible ideas have 

been made available [8, 10, 20].   
    Our work deals with being able to classify product 

reviews into polarity with the objective to increase two 

classifiers Naive Bayes and Support Vector Machine. 

Naive Bayes and Support Vector Machine are 

commonly used for sentiment analysis classification. 



This paper is comparing Naive Bayes and a different 

algorithm Stochastic Gradient Descent.  
 

3. Problem Formulation. 
3.1. Problem Formulation. 
 

      As mentioned earlier, sentiment analysis is a fairly 

popular topic, and the demand for improvement of 

preexisting text classifiers - as well as the need for 

them to be accurate and scalable - has never been more 

prominent. Libraries such as scikit-learn have a 

plethora of different methods that can be used for text 

classification, but they are usually packaged into 

singular methods, so in-depth analysis and 

improvement can be somewhat difficult tasks. We aim 

to identify the variables of a classifier that are able to 

be improved upon in a significant manner, and allow 

the changes made in specific classifiers to be scalable 

and reusable. Our hypothesis is that there exists a 

specific variable that, when shown, can dramatically 

increase or decrease our accuracy. 

 

3.1 Classification Process. 

 
      The first step of any classifier, independent of the 

scale, is to load our data and identify the categories that 

any new unprocessed text, once classified, will fall 

into. It is possible to pre-process the text; this is done 

to remove some of the noise that is inevitable going to 

be included with a corpus, as well as to format the text 

to make it easier for the classifier to read. By 

preprocessing test it reduces the number of dimensions 

in the feature vectors that will be created; this 

processing only picks out the X most important features 

and only includes them in our analysis. After we have 

loaded the dataset text and formatted it in an 

appropriate manner, we extracted features. We 

considered features to be words - and store them into 

feature vectors. Feature vectors, of course, act as a sort 

of lexicon, where each feature found in a labeled 

document is signaled to have that label based its 

presence or occurrences. 
      Defining which features are appropriate for analysis 

is fairly important. It is possible to use the unigram - 

also known as the “bag of words” approach - which 

simply takes every word as a feature and includes said 

word in the feature vector. There is also the bigram 

method, which takes combinations of two adjacent 

words rather than individual words, and, of course, a 

combination of both. After we have our created the 

feature vectors - each index of the vector, as mentioned 

before, having a particular label given in relation to its 

sentiment - we must train our classifier to perform 

categorization on new text by fitting it to the feature 

vectors we have present. We can do this with a 

multitude of different methods, though Naive Bayes is 

the one most preferred and there are two version of 

Naive Bayes that we can use: Multinomial Naive 

Bayes, which counts for word frequency and Bernoulli 

Naive Bayes accounts for the presence or absence for 

the word. Aside from Naive Bayes, we use stochastic 

gradient descent (SGD). 
      The first task of our project, was, of course, 

figuring out a way to strip down the procedure of text 

classification, and gain a full understanding of every 

layer present in the current text classification model. 

The idea of mixing and matching existing sci kit 

methods came into mind, as there are several different 

possible manners that the code for text classification 

can be written. The decision was made that any 

significant changes in accuracy would be because of an 

adjustment to our classifier; the only task at hand was 

finding out which specific adjustment would achieve 

the desired result of a higher accuracy. 
 

3.3 Methods. 
 

     In order to gain a better understanding of the full 

formula of making a classifier, it was necessary to start 

on a somewhat small scale - one in which we would 

have a fair amount of control of a number of variables. 

     To implement the experiments, we utilize the 

python machine learning library known as scikit-learn. 

Scikit-learn allows users the option to make a Pipeline, 

which assembles several steps and condenses them into 

one object, allowing them to be fitted, transformed, and 

cross-validated together. For our experiment, each 

Pipeline was composed of three main parts; a type of 

feature vector model, an implementation - of lack of 

the implementation - of dimension reduction, and an 

actual classifier algorithm. In terms of dimension 

reduction, we choose to implement the chi-squared test 

or not, to remove more features from the data. For our 

comparison we are using Bernoulli Naive Bayes, 

Multinomial Naive Bayes, and a linear classifier with 

SGD learning. Scikit-learn has all of the mentioned 

methods and algorithms implemented in usually a few 

lines of code. We, early on, opted to use this library as 

opposed to writing our own classification method from 

scratch. 
       We used the Multi Domain Sentiment from Blitzer 

2007[5] for the sentiment classification, we specifically 

used Amazon book reviews from the dataset for our 

work. 

 



4. Implementation. 
 

       The four steps of building a classifier are, for the 

most part, implemented in methods provided by the 

scikit-learn library. As such, there is not much room for 

adjustment in algorithm implementation, there are 

usually numerous ways in which we can perform a 

specific step; an example was mentioned above, where 

the choice of storing features as unigrams or a 

combination of both can alter the overall frequency of a 

classifier. In order to improve a classifier of any kind, it 

was decided to first mix and match these different 

approaches and derive which methods are most 

efficient for their particular layer in our classifier. We 

hope to gauge whether feature extraction (unigram, 

bigram, chi-square test), feature vector (count vector, 

hash vector. TF-IDF), and algorithm (Naive Bayes, 

SGD) combination which would work the best. We 

choose a 10-Fold Cross Validation to validate our 

results. 
 

4.1 Term Vector. 
 

        When scanning raw text and deciding which 

features will be added to the feature vector, there are a 

few word processing models that can be used. The 

most predominant in the field of text classification is 

unigrams. In our term vectors we used unigrams and a 

combination of unigram and bigram since our dataset 

used this scheme. 

 
4.2 Feature Extraction. 
 

      For the feature vector models, a vector space that 

uses were a few options to choose from. One of the 

vectors models used was the CountVectorizer, which 

converts a collection of text documents into a matrix of 

token counts. The HashingVectorizer, an alternative, 

converts a collection of text documents to a matrix of 

token occurrences. Lastly, there was the 

TfidfVectorizer, which converts a collection of raw 

documents to a matrix in the form of term frequency 

versus inverse document frequency. 
 

4.3 Feature Selection and Dimension 

Reduction.  

 

     As we will be creating a feature vector, the 

issue of size; larger datasets often correlate to an 

increase in accuracy, but an increase in the size of 

a dataset leads to a number of problems 

concerning storage capabilities, and processing 

speed. Also, if this classifier is to be scalable it is 

necessary to scale back the size of the feature 

vector, reducing the number of accounted 

features. The chi-squared test serves this function 

exactly; the test determines the significance of a 

word by using the word’s frequencies in multiple 

documents, and our classifier can decide the 

percentage cut off for our features. For this 

experiment, when the chi-squared test is 

implemented, only the top 30% of features are 

added to the vector. We intend to compare the 

usage of the chi-square test and without. 
 

4.4 Classification Algorithms. 

 

4.4.1 Bernoulli Naïve Bayes. The Bernoulli Naïve 

Bayes takes account of the presence and absence of a 

feature. Posterior probabilities are based on the 

features presence or absence in the overall document. 

This technique is usually used for document level 

sentiment classification and sentence sentiment 

classification.  

 
4.4.2 Multinomial Naïve Bayes. Another way to 

classify test is Multinomial Naïve Bayes. Similar 

approach as the Bernoulli, but the difference that this 

takes into account the feature frequency by finding the 

posterior probabilities hoping that each features as 

independence from other features.  

 
4.4.2 Stochastic Gradient Descent (SGD). The 

classifier that we use is probably the most important 

part of our algorithm, and it was important to get a 

varied list of possible alternatives to the standard 

Multinomial Naive Bayes and Bernoulli Naïve Bayes. 

For our experiments, we included both the Multinomial 

and Bernoulli Naive Bayes classifiers. In addition, we 

have included a stochastic gradient descent. 

 

5. Experimental Results. 
 

     For our experiment, we decided to record the 

accuracy, found using 10-fold cross-validation, of a 

classifier using a dataset of 200 book reviews, 1000 of 

which were positive, and 1000 of which were negative 

[5]. Our classifier was coded with the utilization of a 

Pipeline object in scikit-learn, which made small scale 

manipulation and exchanging methods in each layer a 

rather simple process. 

 

 



 
Figure 1. No features removed.  

 

 
Figure 2. Featured removed. 

 

     Although the batch of reviews were the same, we 

still ran our experiments in two different ways: the first, 

figure 1, had the chi-squared test implemented while 

the second, figure 2, did not. Each graph has six 

collections on columns; two of them will use the same 

feature vectorizer process, though one will use 

unigrams while the other a combination of unigrams 

and bigram, represented by ‘Bi’. Each collection has 

three columns - one for each classification algorithm. 

This results in a total of 18 different columns for every 

graph, and 36 total columns for both of the graphs.  

      Looking at the graphs, there are a few things that 

can be things that can be extrapolated from the graphs. 

The first, and almost disappointing, thing that can be 

said is the fact that there isn’t a consistent correlation 

between any significant increase or decrease in 

accuracy and the use of unigrams and a combination of 

unigram and bigrams. This simply means that, however 

the user extracts the features from the raw text - 

whether as a combination or a unigram - the accuracy 

will not change too much. This is present in both the 

graph that has the chi-squared test implemented and the 

graph that does not. 

      The SGD Classifier that we used for this dataset is, 

surprisingly, much less accurate than the other two 

classification methods. With the chi-squared test 

implemented, the greatest accuracy came with the 

combination of extracting bigrams and unigrams from 

the raw data, implementing a CountVectorizer, and 

using the MultinomialNB algorithm for classification. 

Without the chi-squared test implemented, the highest 

accuracy came from extracting both unigrams and 

bigrams from the text, using a TD-IDF, and 

implementing the Multinomial algorithm for 

classification. 

      Although the numbers presented are utilized for 

now, we will need to double check the accuracy of this 

experiment by recreating it in a number of ways. For all 

of our tests, we simply used one data set - which had a 

peculiar formatting and was already pre-processed with 

unigram and bigrams, but to keep the experiment valid 

we treated bigrams as unigrams - and received the 

accuracies that we have shown above. However, it is 

possible that this data set, because of its odd 

formatting, is inaccurate. It is also possible that one of 

the two previously mentioned combinations received 

the highest accuracy by nothing more than chance, and, 

if we recreate this experiment, with a different dataset, 

the results might be different. 
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