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Abstract: Sentiment analysis plays a major role in e-commerce
and social media these days. Due to the increasing growth of
social media, a huge number of peoples and users send their
reviews through the Internet and several other sources. Analyzing
this data is challenging in today's life. In this paper new
normalization based feature selection method is proposed and the
topic of interest here is to select the relevant features and perform
the classification of the data and find the accuracy. Stability of the
data is considered as the most important challenge in analyzing
the sentiments. In this paper investigating the sentiments and
selecting the relevant features from the data set places a major
role. The aim is to work with the vector-based feature selection
and check the classification performance using recurrent
networks. In this paper, text mining depends on feature retrieval
methods to improve accuracy and propose a single matrix
normalization method to reduce the dimensions. The proposed
method performs data preprocessing or sentiment classification
and features reduction to improve accuracy. The proposed method
achieves better accuracy than the N-gram feature selection
method. The experimental results show that the proposed method
has better accuracy than other traditional feature selection
approaches and that the proposed method can decrease the
implementation time.

Index Terms: Features, Classifier, Sentiment, Normalization,
Recurrent Networks, Covariance Matrix, Cosine similarity.

I. INTRODUCTION

These days a huge amount of data is obtained from websites
customer blogs, reviews, etc. these product reviews play a major
role in analyzing the sentiments of users. There are several
methods to convert and analyze these structured and
unstructured data, a lot of surveys are still going on to analyze
the sentiments automatically from these reviews. Many
researchers are gradually focusing on extracting the opinions
and analyzing sentiments. Feature selection is considered as an
important step in several machine learning algorithms, where
selecting the relevant features improves the performance since it
increases the performance of the model. Some other benefits in
selecting the important features are to build the model and
provide a better understanding. feature selection methods mainly
consist of a filter and wrapper approach filter method directly
apply on the dataset and provide feature weighting these
methods are fast methods. Classification is done using
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cross-validation. The recurrent neural network is used in
understanding the long term dependencies among the data. The
Recurrent network is used to obtain the sequential relation
among data. In the paper initially, the data is pre-processed
and then data is vectorized using the proposed feature
selection method and data is passed to the neural network
model for further classification. In this, a method symmetric
matrix normalization is proposed along with term document
identification using weight matrices through their single
matrix normalization. The proposed method includes two
steps to obtain the word vectors and implementation of the
semantic index and obtain the summarized result. Each
review is tokenized and vocabulary of words is created.
Feature vectors are being extracted depending o location of
words present in vocabulary. The weighting scheme that is
most often implemented is the term frequency — inverted
document frequency (TFIDF). Each review is tokenized and
vocabulary of words is created. Feature vectors are being
extracted depending o location of words present in
vocabulary. Proposed methods improve model performance
and reduce computation cost.

I1. 1. LITERATURE REVIEW

Sentiment analysis is the field of Natural language processing
plays and is one of the most important aspects of research
these days. There is a huge increase in the number of product,
blogs, forums. Several machine learning algorithms are
proposed. [1,2] such as SVM NB and ME. Several
combinations of unigram bigram and trigram combinations
are proposed. SVM and NB classifier was proposed in the
classification of the sentence. With accuracy 87.0. In [3] a
new work is proposed to analyze reviews using CNET to
perform classification. They use score methods to check the
reviews are positive or negative. In [9] wordnet is used for
extracting sentiments. Several classifiers such as SVM, NB,
and DT is used to perform the classification of reviews.
Proposed new approach [10] for sentiment classification
using the fuzzy method. In [4] several preprocessing
techniques such as tokenization, Pos tagging, and removal of
stop words, applied on several machine learning algorithm
NB, SVM, to obtain feature set[5.6]. And performed random
subspace and bagging subspace technique. In [11] other
techniques such as correlation chi-square, Information gain.

In [8] hybrid method is proposed for feature selection using
SVM and NB classifier and k fold cross validation for
classifying the sentiment of review documents. In [9] k
means is proposed for clustering and then perform
classification of data.
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The feature selection stage refines features and provides
accurate results. In this sentiment, classification is done using
the long life method.[17] deep learning based document
classification is proposed in [18]. Several information
retrieval methods such as text classification and document
clustering are proposed in [19]. Emotional features and the
sentiment word embeddings are proposed. In [7] experiments
are conducted by applying mutual information feature
selection with Naive Bayes (NB). There are several
techniques of machine learning in sentiment analysis they are
lexicon machine learning and rule-based method. [12] MI
methods use different machine learning algorithms and
labeled data to train a classifier to find sentiment. In [13] this
paper deep convolution with text normalization and character
level embedding, for both unstructured and structured data is
conducted to perform sentiment analysis to handle the less
memory space.[14]In this method the word are classified
using maximum entropy based classification using LSA and
probabilistic method, where the similarity among the words
are computed. In [15] a new sentiment analysis method is
proposed using a hidden Markov model where the sentiment
lexicon is used instead of a sequence of words. In this
paper[16] text classification is done using Arabic documents.
Chi-square method is used as feature selection to enhance the
performance.

I11. PROPOSED METHODOLOGY

The proposed method is shown in the figurel where initial
input reviews are taken and the data preprocessing stage
represents the transformation of unstructured data into a
structured collection. These represent the meaning of the
document. The most basic method of the document
represented as a vector of features obtained by preprocessing.
In the proposed method novel word embedding technique is
used which is based on weight and matrix analysis. This helps
the syntactic structure index analysis algorithm to determine
the summaries with good quality of model construction.
Figure 1 shows the architecture of the proposed feature
selection.

A. Data Pre-Processing and Feature Selection

The preprocessing stage represents the transformation of
unstructured data into a structured collection. The most basic
method of the document represented as a vector of features
obtained by preprocessing. The weighting scheme that is
most often implemented is the term frequency — inverted
document frequency (TFIDF). It is calculated from the
frequency of a feature f in document t d, the number of
documents in the collection N and the number of documents,
containing this feature df(f) as shown in the equation. The
frequency mainly depends on a term in the document corpus
helps in document discrimination. The more frequent the
term appears in the documents in the corpus the lesser its
contribution in document discrimination. The less frequent a
term appears in the documents in the corpus the greater its
Contribution in document discrimination. IDF i.e. inverse
document frequency is a measure of the availability of a term
in the document corpus. After applying the term weighting
scheme, the matrix is decomposed using Single matrix
normalization. Matrices obtained as a result of SMN are used
to compute similarity scores between documents in the

corpus. During performing preprocessing the text
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classification the number of Unique words in the given set is
large and the vocabulary data

set. Term weighting is used to obtain weights of individual
terms in the documents. Term weight is a technique of
identifying a respective document and in the given corpus.
Figure 2 shows the proposed deep recurrent model.
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Fig. 1: Architecture of Proposed feature Selection
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Fig 2: Proposed Deep Recurrent Network Model
Single Matrix normalization can either be used to retrieve all
documents similar to a query or can be used to obtain
percentage similarity between documents in a document
corpus. As an initial step, the list of relevant words which is
used for indexing is formed out of sample document A
preprocessing is required to eliminate the irrelevant A
Term-Document Matrix (TDM) is constructed with term
frequencies of relevant terms. Documents may be of varying
lengths ranging from very small to very large documents.
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Long documents usually contain many occurrences of the
same terms and occurrences of many different terms which
increase their chance of retrieval. Term frequencies are hence
normalized to reduce the impact of document length. There
are different schemes for normalization. Another factor
which is widely used for normalizing term frequencies is the
maximum term count. Yet another scheme is cosine
normalization. The normalization value of the features is
computed using the below equation 1 and 2. The normalized
length of document NI is calculated using equation 1. Where
s denotes the document score before normalization and x
denotes tuning parameter for normalization. The value of x
usually in the range 0 to 1.

N, =S x 1

Id
- x)+x( j
avid 1)

If the value of x is 1 then the equation is shown in 4.

N, =S x(%j
@

Let Fwj represents the feature weighs where weight updates
are given by AFwj equation

a‘] i i i
A, =02 =0X (" -2

W @3)

Fu = Fu +AF,

Where 8 represents the learning rate which is the hyper
parameter. y indicates the class label and Z denotes the actual
output.

Our aim is to perform scaling of covariance on each pair of
data by the product of deviations on each values. As shown in
equation 4 and 5.

r

=23 (- P)(a -0)

: ©)

Where  Olpg indicates the covariance value before

standardization.

, 1 (p-—plfa—q
D)
pg
r—145 a, a, ©
(o4
Fpa = o Z
P q @)

Where 0°pq indicates the deviation value after
standardization.

The covariance matrix is denoted by M
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M _(a(p, p) a(p,q)j
a(q,p) a(d.d)) g
If p is positively correlated with g then g is also highly
correlated with p. Let Rt represents the transformed matrix
and Z indicates the scaled matrix.

B (cose —sin 49)
sin@ cosé )

(10)

Where 0 represents the angle of rotation and Zp and Zq
represents the scaling factors.

o 0
M =
0 «a,

| (11)

Indicates the covariance matrix in Eigen values as shown in
equation 11.

M — 5D5_1 (12)
Where D denotes the diagonal matrix whose non zero
elements will be the actual or corresponding Eigen values. M
represents the Eigen decomposition of Covariance Matrix in
equation 11.
Here 6 indicates the
vectors of M.

M =RZZR ™" @
z =D

M =T_T,T ”

Where M denotes the final covariance matrix obtained after
several transformation and normalization.
The cosine similarity is computed using the equation 15.

r

Z P:0;

Pg _ =

IPllel 552 S

i= i=1 15
The equation 15 denotes the computation of cosine simifari%y
among the two corresponding values. Single matrix
normalization is a process of analyzing relationships within
documents and which is present by producing some contents
related to documents.

matrix whose columns are Eigen
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The proposed method can be applied to any data over the
discrete value so-called two-factor representation. Let D =
{d1, . . ., dn} indicates the collection of documents with
terms from W = {wl ...wm} We can build a matrix with
dimension g x p and Mij represents the count of term wj
present in document di. Di indicates a row vector, while Wj
denotes column vector. The equation 15 denotes the
computation of cosine similarity among the two
corresponding values.

Pseudo Code to Compute Optimization using
Single matrix Normalization

1. Let matrix M be the matrix of the given dimension
p and ¢, an orthogonal matrix is o is obtained with
dimension p and p where pxp and gxq are two

orthogonal matrices and p x g diagonal matrix [X]

2. Obtain the Single matrix normalization of M

i.e factorization of M=OZVT,
where O and V are unitary, and
> =diag(x1,...,xr),r=min(p,q), with x1>...>xr>0. Where
xr indicates singular values, U indicates the single
vectors of left and V denotes the single vector of right.
3. Let the set rank of A is r, the SMN of M can be
simplified as M:OrZrVrT, where Or is a p-by-r matrix
with O representing first r columns

Vr is a g-by-r with first r columns of V are

present and Y a r-by-r denote first r single value.

4. If r is substituted by k(k<r), we get a new matrix Mk as
Mk=0k> kVKT

5. Return Mk is an optimal lower-rank approximation

In process SMN a matrix is divided into three different
orthogonal matrix O, a matrix with diagonal X, and a
transpose of a matrix orthogonal matrix T. The matrix is a
Single value with representation of pxg matrix M and it is of
the form M = OXVT Here O is a p xp orthogonal value, X is a
p x g denotes the matrix with a rectangle with entries in the
matrix with non-negative real numbers on the diagonal, and
VT is a gxqg orthogonal matrix. The p columns of O, called
the singular matrix with left side representing vectors of M,
called as vectors with Eigen values and the q represents the
columns of V, called the singular matrix with right values, are
eigenvectors of MTM. The diagonal entries Zii of X denotes
the single values on M. An p x g matrix has its value (p, q)
indicating different single values. Dimensionality reduction
obtained by keeping only the single values which are above
the threshold value The new values obtained are
Eigenvectors MTM. The maximum Eigen values will be the
same as the largest value of the Eigenvectors. The singular
values are arranged in decreasing order of a matrix, both right
and left singular vectors are also arranged accordingly. This
simplifies the process of dimensionality reduction. If only r
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largest single value is retained, then only the first r left and
right individual vectors are retained thereby reducing O to p x
r matrix, X to an r X nonnegative matrix and VT to anr x q
matrix.

IV. EXPERIMENTAL RESULTS

The experiments are conducted using reviews data set. The
data set contains a list of reviews and its summary along with
positive and negative values. Initially, Data preprocessing is
done to remove unwanted data from the data sets.
Tokenization, stop word removal Experiments are
conducted to remove stop words and to perform stemming.
Initially, several N-grams such as unigrams, bigrams, and
trigrams feature selection techniques are conducted and the
accuracy values are noted. Figure 3 shows a comparison of
the accuracy values of several classifiers.

Table I. Accuracy of Classifiers with only N-grams

Model/Feature Bigra

S unigram| m Trigram
Logistic

Regression 0.8933 [0.925 0.9324
Bernoulli NB 0.8736 |[0.882 0.8700
Perceptron 0.8610 |0.907 0.9192

Fig 3: Accuracy of N gram Features with Classifiers

0.95
M Logistic
09 - - regression
B BernoulliNB
0.85 - —
Perceptron
0.8 -
Unigram Bigram Trigram

Table 11. Classification Result of Positive values

Precision Recall | F-score
Logistic regression 0.76 0.42 0.54
Decision Tree 0.68 0.68 0.68
Perceptron 0.84 0.19 0.31
Bernoulli NB 0.88 0.07 0.13
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Table I11: Show classification Result Negativevalues

IS

Precision Recall | F-score
Logistic regression 0.86 0.96 0.91
Decision Tree 0.91 0.91 0.91
Perceptron 0.81 0.99 0.98
Bernoulli NB 0.79 1.00 0.88

Table 1 denotes the Accuracy comparisons of N grams with
several machine algorithms. Table 2 represents the precision,
recall and F-score value of positive values. Table 3 represents
the precision recall and accuracy of negative values.

Training and validation accuracy

= Training acc
= Validation acc

0

5

20

10 15 25

Fig 4: Training and Validation Accuracy of Deep Recurrent Model
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Fig 5: Training and validation loss of Deep Recurrent model

Figure 4 and Figure 5 represents the analysis curves of the
proposed Deep recurrent network model. Figure 4 represents
the training and validation accuracy which shows that
validation accuracy is much better compared to training
accuracy. Figure 5 shows that validation loss is getting
gradually decreased as there is a decrease in the validation
loss. Figure 6 shows the accuracy obtained for the proposed
model which is 91.58% which is obtained by combining the
Single matrix normalization based feature selection with the
Deep neural network model.
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Epoch 1/7 - 20s - loss: 0.4382 - acc: 0.8168
Epoch 2/7 - 19s - loss: 0.3214 - acc: 0.8648
Epoch 3/7 -19s - loss: 0.2836 - acc: 0.8808
Epoch 4/7 - 19s - loss: 0.2578 - acc: 0.8958
Epoch 5/7 - 19s - loss: 0.2288 - acc: 0.9036
Epoch 6/7 -19s - loss: 0.2103 - acc: 0.9158

Fig 6: Accuracy of the proposed model

The epochs represent the forward and backward pass for
training examples. Batch size is same as the epochs.

V. CONCLUSION

Feature extraction in sentiment analysis is one of the most
important aspects which has to be done accordingly. In this
paper novel, a single matrix normalization based feature
selection is proposed. Performance of the machine learning
algorithms in combination with the proposed method is
discussed. The experimental results shows that accuracy
obtained for the proposed feature selection with Deep
recurrent model outperforms better than the feature selection
done using the individual N grams methods. 91.58%
accuracy whereas the other machine learning algorithms
performs around 89% accuracy. Further work indicates
feature selection in combination with TF-IDF and other
algorithms to perform ensemble methods.
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