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As social media has become an integral part of digital medium, the usage of
the same has increased multi-fold in recent years. With increase in usage, the
sentiment analysis of such data has emerged as one of the most sought
research domains. At the same time, social media texts are known to pose
variety of challenges during the analysis, thus making pre-processing one of
the important steps. The aim of this work is to perform sentiment analysis on
social media text, while handling the noise effectively in the data. This study
is performed on a multi-class twitter sentiment dataset. Firstly, we apply
several text cleaning techniques in order to eliminate noise and redundancy
in the data. In addition, we examine the influence of regularized locality
preserving indexing (RLPI) technique combined with the well-known word
weighting methods. The findings obtained from experiment indicate that,
RLPI outperforms other algorithms in feature selection and when paired

Classification with long short-term memory (LSTM), the combination outperforms other
classification models that are discussed.
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1. INTRODUCTION

Now-a-days social media has garnered a lot of attention. It is a multimedia platform where people
can share or consume information in any format that they want, be it image, video, audio, or text. Thanks to
its instantaneous global accessibility, it has become a vital part of digital media. As people started using
social media in large numbers, the need to analyze the same became necessary. The analysis started taking
place on all possible aspects. If one section of research community focused on the optimal use of computing
resources, the other section focused on the effective information retrieval techniques for the same.

One of the trending areas in information retrieval is sentiment analysis, where the given data is
analyzed in order to obtain the intended opinion or emotion. There are many ways to express sentiments.
The most popular methods to categorize them is either based on polarity or based on emotion. When it comes
to polarity, the sentiments might be one among positive, negative, or neutral. Such labelling is best suited
when the aim of the analysis is to get the inference only at higher level. On the other hand, for emotion, there
is wide range of terms to express, such as happy, sad, sarcastic, ironic, and metaphorical; and such sentiment
labelling works best when the analysis calls for the inference of particular opinion.

In recent years, sentiment analysis on the social media text has gained a lot of momentum. Whether
it is analyzing amazon reviews for market research, or analyzing tweets to gauge audience sentiment, the
research is being conducted on all conceivable fronts. Although social media is widely recognized as a
valuable data source, the text data collected from these platforms can have a number of issues. Issues like
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emojis, hashtags, emojis, mimicking spoken word prolongations, misspellings, and special characters
occasionally cause noise in the data, thus making it difficult to process it directly. Processing and analyzing
social media texts can also be difficult because of their non-uniform nature, as they don't always adhere to
linguistic norms. Usually, such issues are not encountered in other standard sources, such as newspapers or
e-books, as they adhere to language standards. Therefore, pre-processing steps such as text cleaning or
dimensionality reduction becomes necessary, in order to handle superfluous or high-dimensional social
media text data [1]. Additionally, it is critical that the model be able to understand the context and sentiment
from short-texts, as social media platforms also impose limits on the number of words.

Pre-processing of a text involves several important steps, where with each step the least important
part of the data is dropped. Sometimes, more than the analysis, pre-processing itself takes more time [2].
The removal of special symbols and stop-words reduces the dimensionality in the term space [3]. However,
certain cleaning procedures do not require the complete removal of the term from the data, as for example,
lemmatization and stemming merely require the term to be reduced to its basic forms. It also greatly aids in
removing redundancy and noise, so that only the most important components are left for further analysis.
Often, even after cleaning the input text, the final corpus size will surpass the processing capability of the
system. So, in order to reduce the dimensionality of input furthermore, feature engineering is performed.
Feature engineering techniques are used mainly to extract or select most relevant set of features. In case of
text, the first and foremost task is features extraction, where the text is represented in machine understandable
numerical form. Subsequently, feature selection is employed to isolate the most significant features, whose
contribution is more during the classification.

Figure 1 shows the categories of dimensionality reduction techniques. Generally, in feature
extraction, the original set of features is transformed to get a lesser number of meaningful and relevant
feature set. Some of the well-known algorithms are principal component analysis (PCA) and t-distributed
stochastic neighbor embedding (t-SNE). In feature selection, subsets of features are selected from the original
set of features by eliminating the redundant or irrelevant ones. Some well-known methods are recursive
feature elimination (RFE), correlation and mutual information-based algorithms.

Dimensionality reduction
I

v W
Feature extraction | | Feature selection |
Vi W
| Embedded | | Filter |‘ Wrapper |

Figure 1. Categories of dimensionality reduction techniques

In this paper, we evaluate the performance of feature selection techniques when paired with
regularized locality preserving indexing (RLPI) algorithm. Also, examine the behavior of the selected set of
features with various neural network-based classification models. The purpose of this study is to gain a
deeper understanding on using various pre-processing techniques in combination with RLPI dimensionality
reduction technique that affect the performance sentiment classification. The primary focus of this research is
on feature selection approaches and their effect on sentiment text classification performance. The following
discussion provides some initial insights on the prominent feature selection techniques and their impact on
sentiment classification.

Term frequency-inverse document frequency (TF-IDF) is one of the well-known feature extraction
methods, where it is generally used for extracting numerical features out of text data [4]. However,
Patil and Atique [5] shows how feature selection can be implemented with TF-IDF, by adding threshold
parameters to the terms in order to select the key terms. While Qu et al. [6] proposed an improved TF-IDF
approach by including document’s relation with multi-class information, and based on the weights obtained,
the top K vocabulary terms for each document are identified. Li et al. [7] applied regularized least squares-
multi angle regression and shrinkage (RLS-MARS) model to determine the least significant features.
The proposed method assigns less weight to the least significant features. According to Wang and Zhang [§],
a feature selection method is presented based on TF-IDF by combining it with Kullback—Leibler (KL)
divergence, whereby considering the mutual information as the criterion, the authors proposed an improved
classification approach. Song ef al. [9] introduced an entropy index along with TF-IDF in order to get the
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entropy information of a term with-in and among the classes, which will then be used for text feature
selection. Nafis and Awang [10] proposes a two stage feature selection approach. Where in first stage, the
variance obtained for entire TF-IDF matrix is used as threshold to select the features. Then in second stage,
the support vector machine (SVM)-RFE is applied on the new feature set to re-evaluate the features.

The authors in [11] proposed a feature selection method based on the combination of information
gain and divergence for text categorization models based on statistics, where it chooses every feature based
on a combination of information gain and novelty criteria resulting in reduced redundancy among the
selected features. The behavior of the information gain-based feature selection method combined with the
genetic algorithm is demonstrated in [12], demonstrating the method that lowers the text vector's dimension.
Shang ef al. [13] proposed a maximizing global information gain approach, which is an enhanced version of
information gain algorithm. Along with avoiding the redundancy in the features, global information gain
metric is said to be more informative, distinctive and also perform faster when compared to the traditional
information gain. Pereira et al. [14] discusses the performance of information gain based feature selection,
and compares the same against other multi-label feature selection methods. Omuya ef al. [15] proposes a
hybrid dimensionality reduction technique that uses information gain and PCA to extract and choose relevant
features. The approach's effectiveness was assessed against the naive Bayes model, where the training time is
shortened while enhancing performance.

The chi-square test is one of the widely used statistical functions and the work in [4] demonstrates
the use of chi-square test for feature selection, along with K-nearest neighbor (KNN) as the classification
algorithm. On the other hand, Zhai et al. [16] shows its ability to effectively select the better performing set
of features than the information gain algorithm. Jin ef al. [17] proposes an enhanced version of chi-square
statistics approach called as term frequency and distribution based CHI for feature selection in order to
address the inability of the original approach to consider and identify the term distribution in each class.
Li [18] proposed an enhanced version of chi-square approach based on Chi-square rank correlation
factorization where it is claimed that the algorithm does not need any prior knowledge and can offer
generalized text categorization. Haryanto et al. [19] show the behavior of SVM classifier upon feeding the
inputs which are normalized and features are selected using the chi-square approach.

Sel et al. [20] presents the feature selection method, which is performed based on the mutual
information, thus showing the effectiveness of the approach in improving the classification performance
despite of drastic reduction in the number of features. Liu ef al. [21] proposes a dynamic mutual information
algorithm by introducing a general criterion function for feature selection, which is expected to get most
information measurements in previous algorithms together and was evaluated against various existing
methods. Agnihotri ef al. [22] demonstrate use of the mutual information to obtain the sample variance in
order to measure the variations in term distribution and to select the features. Meanwhile, Ding and Tang [23]
presents an enhanced mutual information method by introducing the feature frequency in class and the
dispersion of feature in class, leading to an efficient and improved text categorization. While
Darshan ef al. [24] shows the ability of RLPI to effectively extract the discriminative features, which in turn
reduces the complexity during the representation thus by reducing the total number of final feature set.
Revanasiddappa et al. [25] proposed a framework based on meta-cognitive neural network constituting RLPI,
where RLPI is used along with term document matrix (TDM) as feature selection approach in order to reduce
the dimensionality.

The rest of the paper is organized as follows: in section 3, details regarding the dataset considered
for the experiment, text cleaning and feature selection techniques that are employed during the
pre-processing stage, details on the classification models used, followed by the working principle of the
experiment. Section 4 presents the experiment results along with discussion. Finally, section 5 concludes the
work along with future scope.

2. METHOD

Since the study focuses on text-based sentiment analysis, there are steps in the process that must be
completed in order to clean the data, reduce its dimensionality, and get it ready for training. This section
covers the specifics of the dataset that was used, as well as the approaches employed for each stage.

2.1. Dataset

For this study we use a twitter dataset, which is created by combining 2 datasets which were earlier
separate. Originally, the differentiating factor between the two datasets was their labelling. One dataset with
1.6 million samples were labelled based on polarity, while the other dataset with about 98,000 tweet samples
were labelled based on feelings such as sarcasm, figurative, irony, and regular. The final dataset consists of
97,000 samples, where they are categorized among 5 sentiment classes namely positive, negative, neutral,
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sarcasm, and figurative. While creating the final dataset, samples were randomly selected such that each
category contains samples ranging from 15,000 to 20,000 tweets.

2.2. Text cleaning methods

This is a crucial and widely employed stage in text-based research, since it facilitates the extraction
of useful information from textual data. In this study we employed many text cleaning procedures, and they
are as follows:

— Text casing: the same word can be perceived as a single token by changing its case which will otherwise
be considered as a different token, such standardization of case helps prevent redundancy in the original
corpus. The majority of the time, the text is changed to lower case and the same is followed during this
study as well.

— Removing punctuation: depending on the design and final goal of the model, punctuations that are often
used to indicate separate sentences or the end of sentences such as commas, periods, and semicolons are
preserved or dropped. Since we are concentrating more on the tokens in this instance, the punctuations are
dropped.

— Removing special symbols: since the study is primarily focused on preserving only the important tokens,
as previously noted, any characters other than alphanumeric such as ampersand, dollar, pipe, and
percentage. that are known to be often used in Twitter posts, are excluded.

— Removing stop words: from a non-linguistic point of view, stop-words don’t carry much information [5]
hence removing them will not only help in reducing the noise, but it also helps in saving space.
Stop-words can be identified and dropped using both manual and automatic approach.

— Stemming or Lemmatization: this is the processes of reducing the words to their root form. It was noticed
that lemmatization helps better when compared to stemming in giving the meaningful root form.
Example; while stemming reduces ‘studies’ is reduced ‘studi’, lemmatization reduces the same to ‘study’,
and hence in the work lemmatization is applied on the text samples.

— Handling emojis: emojis can be handled in a number of ways, either by removing them completely or
substituting them with their text equivalent. In this study, emoticons are omitted.

— Handling word contractions: in this action, we convert the combined short forms of words back to their
original forms. Example: ‘don’t’ is converted to ‘do not’. This can also be achieved in both manual and
automated ways.

— Spell checking: checking the spelling of the token is equally important as lemmatization, it helps in
avoiding unnecessary additional tokens that may be present due to some wrong spellings.

2.3. Feature selection methods

As conveyed in the beginning, since this work is mainly focused on the feature selection approach
for dimensionality reduction, it is very important to know more about the approaches that are there for feature
selection. It is mainly classified into 3 types namely, filter method, wrapper method and embedded method.
In this study, we restrict the experiment to filter and wrapper methods.

In filter method, the features are selected using statistical tests in order to get the correlation scores.
They are known to be inexpensive and fast and some of the techniques used under this method are:
— TF-IDF: a way of calculating a word's weight within a collection of documents, taking into account the

fact that some terms are more common than others. The weight is calculated using (1):

Wy = they x log (3-) (1)

Where tf, , is frequency of x in y, df; is Number of documents containing x and N is the total number of
documents.

— Chi-square test: this measure [21] is used to identify the degree of independence between the term
tiand class Cy, and it is given in (2)

2 _ (axd—bx*c)
- (a+c)(b+d)(a+b)(c+d)

X @)

Where a is the number of documents in the positive category that contain this term (t;); b is the number of
documents in the positive category that do not contain this term (ti); ¢ is the number of documents in the
negative category that contain this term (t;); and d is the number of documents in the negative category
that do not contain this term (t;); and N is the total number of documents.

— Information gain: the information gain [26] provides the dependency between a term and a class and is
given as (3). Where a, b, c, d, and N mean the same as in (2).
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. a axN b bxN [ cxN d dxN
=3 log (a+c)+(a+h) ty* log (b+d)+(a+b) +3* log (a+c)+(c+d) Tt log (b+d)+(c+d) )

— Mutual information: it is a maximum class-based score for the term t; which is highly influenced by the
marginal probabilities, that assigns higher weight for the rare terms as compared to the commonly
occurring term. The metric helps in measuring the information contained by the term t; to represent the
class C and it is given as [22].

p(ti,Cj)

MI(t;) = Py
() = max log =52

“4)

Where p(t;) is the probability of the word ¢; which is (a + b)/N, p(C;) is the probability of class given
as (a + ¢)/N and p(t;, ;) is the probability of the word t; for being in class C; which is given by a/N.

— RLPIL: is a multistep algorithm applied in order to get the meaningful set of features, which involves
adjacency graph construction, Eigen decomposition and regularized least square. RLPI embedding is
given as [27].

x >z=ATx )

Where z is a d-dimensional representation of the document x and A4 is the transformation matrix.

— Word embeddings: word embedding is a representation method, where a particular term is represented in
the form of a numerical vector. In this study RLPI is incorporated with some of the well-known word
embedding methods for feature selection in an attempt to reduce the dimensionality of the original feature
vectors.

In the wrapper method, the model is trained using a subset of features, and feature additions and
deletions are determined by the conclusions derived from the results obtained. One such technique
considered for the study is, RFE. It is one of the computationally expensive techniques, due to its greedy
approach. In this technique, the model is trained iteratively with a subset of features until all the features are
exhausted, ultimately identifying the best performing set of features.

2.4. Classification methods

In this study, sentiment classification is performed with some of the widely known neural network-
based models. We assess the classification performance of both basic and recurrent neural networks (RNN)
based models. Firstly, the classification performance of basic feed forward neural network (FNN) model is
assessed. Because of their non-cyclic information flow, FNNs are highly straightforward and easier to verify
[28]. Then, the behavior of radial basis function network (RBFN) is evaluated against the selected set of
features. It is widely used for common approximation problems, where hidden layer will use the radial basis
function. It is much faster when compared to back propagation network, and can even outperform the
classification performance if the proper set of features are selected [29].

We then examine the classification performance of models that are designed for sequential or time
series data. Firstly, the classification performance of RNN is evaluated. Though it is bit slower than basic
FNNs, its ability to retain information about a sequence in hidden layers makes it most suitable for
processing sequential data such as text. However, the vanishing gradient issue in their memory state limits
their ability to retain only short window of the prior inputs. In order to handle this issue, long short-term
memory (LSTM) was introduced. One big advantage of LSTM is its relative insensitivity to gap length, so
the classification performance of LSTM is also evaluated against the selected feature set. Finally, we evaluate
the performance of gated recurrent units (GRU). It is also an RNN based network and an alternative to
LSTM. But GRU's fundamental principle is to update the network's hidden state only on a chosen subset of
time steps, by means of gating methods. It is simpler in structure and easier to train than LSTM.

2.5. Experimentation

The experiment set-up starts with twitter sentiment data being considered as an input to the
classification system, which will first undergo the pre-processing with the methods that are discussed in
the section 2.2. Figure 2 presents the flow diagram, where the input data first undergoes cleaning, followed
by the dimensionality reduction. For dimensionality reduction, first in order to obtain locality information,
the RLPI is applied on the samples, which is then coupled with the feature selection techniques covered in
section 2.3 of this work. The resulting set of relevant features from the respective combination is then used
for training the model. For classification, most commonly known neural network based models viz., FNN,
RNN, RBFN, LSTM, and GRU are used. Upon obtaining the classification results, the effectiveness of
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Figure 2. Workflow of text-based sentiment analysis

3.  RESULTS AND DISCUSSION

During the dimensionality reduction stage of the experiment, the feature selection was performed for
several iterations as seen in Table 1. During this study, the upper and lower limits were defined to obtain the
most relevant set of features. With minimum of 300 and maximum of 700 being the empirically defined
standard thresholds for the number of features, the experiments were carried out for each combination of
feature selection methods. Table 1 shows the outcomes of each trial. It can be observed from the table, that
the RLPI has selected an interestingly less number of features in each trial when compared to other methods.
Figure 3 is showing the range of features by using maximum and minimum count as the extremes to indicate
the count of features selected by each of the approaches mentioned in Table 1.

Table 1. Number of features selected by various selection methods

Feature selection methods

Number of features selected

Trial 1  Trial2 Trial3 Trial4 Trial 5 Trial 6

TF-IDF 575 538 357 399 412 419
Chi-square 600 562 552 457 547 552
Information gain 549 552 656 453 479 490
Mutual information 427 477 479 360 380 411
Word2Vec 340 342 341 353 361 379
Glove 435 415 426 421 405 445
RFE 494 412 485 433 530 540
RLPI 69 58 49 93 100 210
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Figure 3. Max and min number of features selected by each method
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Upon selecting the minimum set of features among each trial of each feature selection methods,
the selected features sets are then considered as inputs to the classification models that are discussed in
section 2.4. Table 2 presents the classification results of various feature selection methods and neural
network-based classifiers. The results are tabulated for the dataset divided with 50:50 ratios for training and
testing respectively. Table 3 presents the results experimented on same set of feature selection and
classification models while the results are tabulated for the dataset divided with 60:40 ratio for training and
testing respectively.

Table 2. Classification performance for 50:50 ratio of dataset partition

Classification Feature selection methods and their feature count

method TF-IDF Chi-square 1G Ml w2v Glove RFE RLPI

357 features 457 features 453 features 360 features 340 features 405 features 412 features 49 features

FNN 83.42 84.92 84.18 84.96 86.23 85.85 85.42 86.98
RNN 84.62 84.45 84.06 85.28 86.66 85.31 85.25 87.58
RBF-NN 83.62 83.28 84.94 85.46 86.10 86.26 85.16 86.72
GRU 86.03 85.69 85.85 87.17 86.86 86.80 86.50 87.17
LSTM 87.43 86.40 87.24 86.00 88.26 87.99 87.93 88.89

Table 3. Classification performance for 60:40 ratio of dataset partition

Classification Feature selection methods and their feature count

method TE-IDF Chi-square 1G MI w2v Glove RFE RLPI

357 features 457 features 453 features 360 features 340 features 405 features 412 features 49 features

FNN 85.85 85.13 86.28 86.19 87.61 87.28 86.31 88.74
RNN 86.12 86.38 86.46 87.11 88.66 87.53 86.99 88.93
RBF-NN 85.25 86.57 84.62 84.12 87.94 87.16 86.77 88.59
GRU 86.48 88.30 86.81 88.65 90.31 89.36 88.06 90.91
LSTM 88.22 91.06 90.78 90.17 91.97 91.92 91.81 92.43

Firstly, the observations in Tables 2 and 3 show the behavior of each classification model with
various set of features from different feature selection methods. It can be seen that the performance of the
classification models is better when paired with RLPI, despite selecting least number of features in a set.
It demonstrates that the RLPI can choose the most distinctive and pertinent features, while keeping the
feature count low.

It can also be seen from the above observations that irrespective of number of features, LSTM is
consistently performing better than other classification models. Finally, from the observation, it can be noted
that the RLPI and LSTM combination is outperforming other combinations irrespective of train-test split
ratios. The results also confirm the fact that in order to handle sequential data such as text as in this case,
LSTM is best suited option.

4. CONCLUSION

In this work, we analyze the influence of pre-processing techniques. Mainly, the feature selection
stage which is intended for reducing the dimensionality, on the overall classification performance. During
the experiment, RLPI was incorporated along with various feature selection techniques in order to obtain
the least number of most relevant and distinctive set of features. The classification performances of neural
network-based models are evaluated against minimum feature sets, which are obtained by different feature
selection methods. Results show that the combination of RLPI in its simplest form and LSTM outperform
all the other combinations in both feature selection and sentiment classification respectively. The results
once again affirm the fact that the LSTM is one among the best suited models for handling sequential data.
It was observed that, the variance between minimum and maximum number of features was almost same
in each feature selection approaches. Sentiment classification would benefit more from an enhanced
method for obtaining the ideal number of features while keeping the most relevant terms. A better
dimensionality reduction method is also needed, which can lower the final dimensionality of features
while maintaining context.
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