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ABSTRACT
Sentiment analysis is one of the most researched areas in computer science. Opinion forming has been part of human behavior from the beginning 
but to teach a machine to conduct sentiment analysis is a  hard problem solving task. The reason why it is hard for machine to do sentiment analysis 
stems from the fact that language could be very ambiguous . Sentiment analysis is  all about understanding the language and  classifying the 
language  into something negative ,positive or neutral or like and not like. In this paper we tackle the sentiment analysis problem taken data from 
social networking site Twitter. In this paper we use deep learning approach to teach the machine to do sentiment analysis. We choose Capsule Net 
along with Bidrectional GRU , a form of recurrent neural network to do the sentiment analysis and use the Glove word embedding  vectors . A case 
study is presented to illustrate and in depth study of the problem and we propose certain optimization steps to reach a high accuracy for the problem 
to be solved. Capsule Net a differs from the traditional convolution neural network  which takes into account  spatial correlation between the 
components whereas Convolution neural network cannot take spatial correlation, thus even though it works well there is still some disadvantage 
using convolution neural network.
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1. INTRODUCTION
The rise of social media sites like Twitter, Facebook, Instagram have 
indeed generated so many data with so many people expressing their 
opinions on various topics. Some opinions in recent past have generated 
quite a flurry and has led to many discussions on whether these social 
networking sites are a boon to the society or not. Some tweets in 
Twitter could form positive or negative opinions which could lead to 
high consequences and could influence a decision making system. The 
recent US elections had generated quite a handful of tweets from both 
sides of the camp. Tweets could be analyzed and can determine 
whether who is going to win the presidential election from doing 
sentiment analysis  on the tweets. Also there are many tweets 
generated from all around the people and by studying the tweets 
opinion can be formed and give quite useful information regarding 
terrorist sentiments which could help the government immensely.

Movie reviews, restaurant reviews and other reviews could really help 
others  by those  who have really experienced the journey by providing 
useful information such as a movie with a five star rating would 
generally turn out to be good , restaurant reviews can also help by 
giving information such as which dish will be palatable and which are 
not liked by many people.

This paper, studies the performances of two different architecture of 
modelling sentiment classification one LSTM and the other a 
combination of  Capsule Net ,GRU and word embedding . Our result 
shows that the later , the combination of Capsule Net , GRU and word 
embedding gives better accuracy rate than LSTM

We provide the architecture of both LSTM and combined architecture of 
Capsule Net, GRU and word embedding and we also provide you code 
snippets of both the model build phase and model training phase of both , 
but due to other constraints we do not provide the full source code 
rather we provide only a few code to get the idea.

To help predict the sentiment we choose twitter data and collect and clean 
up the data so that these sentences can be fed into the neural network 
layer. We used Scikit-learn, a Python machine learning framework along 

with Pandas, Numpy, Keras, Tensorflow and Glove pretranied word 
embeddings.

We then compare the performance of different model architecture 
using metrics as accuracy score and choose the models having high 
accuracies. This whole idea of this paper is to show the performances 
of single LSTM and combined Capsule Net, GRU and word 
embeddings. Another idea is to show that using pre trained word 
vectors boost the performance of the accuracy of the models. 

2. Previous Work
Previous work on sentiment analysis have used different models to 
predict the outcome. The different algorithms used are classical 
machine learning models like Gradient boosting, Random Forest and 
Support Vector Machines which have shown to give good accuracies 
but in this paper we will be using deep learning to perform sentiment 
analysis.

3.Data Types
Twitter data is has it own challenges as Twitter restricts the  text in  
tweets to be no longer than 280 characters. Within these short texts 
opinions can be expressed in many forms. Since twitter data could be 
different on various topics from politics to recipe making , it is quite a 
big challenge which data to choose for sentiment analysis. Here we 
choose twitter data for an airline company and passengers travelling in 
airline to voice there opinions on what they think of the airline 
company. The opinions voiced by these passengers could be collected 
and depending on the sentiments voiced by these passengers , airline 
officials could take immediate action to rectify the problems in case if 
the sentiments expressed by the passengers show negative sentiments 
or if the sentiments of the tweets are positive the airline company can 
take extra steps to increase efficiency and avoid dissatisfied 
passengers. On the other hand , passengers could form an opinion 
which airline to choose to travel based on the opinions voiced by other 
co passengers and have a safe and enjoyable journey.

The data contains 10 columns which is given in the below format. 
Sentiment could be either positive , negative or neutral.
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ID Tweet Retweet Likes Reason company Create time location time zone sentiment
234 @Airlines Nice service 24 4 Comfortable Z airline 3/20/2015 10:35 Boston Pacific Time postive

234 @SuperAirlines 
Uncomfortable experience

34 65 Seat was not 
adjustable

super airline 3/21/2015 1:35 San Francisco Pacific Time negative

234 @VirginAirlines 
Need to sleep

1 0 It will take 2 
hours

Z airline 3/11/2015 12:35 New Yort Pacific Time neutral

FIGURE :1
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4.Feature Engineering
As part of feature engineer we need to transform the text into word 
embedding vectors and so  we use Glove which is publicly available 
from Stanford site . The text in the tweet is converted to vectors and 
retweet, likes,time zone , date, reason, location are all taken into 
account and feature engineered to convert it to numbers and the date 
field is converted into day, month, year and time.

Once all the field are converted , standard scaling is performed so all 
the data is on the same scale we feed these processed data into the 
different layers of neural network.

5. LSTM implementation  .

Figure 2

6. Capsule Net
Once the data  processing  step is over , the data is processed further by 
cleaning and special characters are removed from the text and then 
multiple models were built on the data sets using various parameter 
settings. Capsule Net architecture which contains capsules and 
dynamic routing was recently published by Geoffrey Hinton , one of 
the pioneers of deep learning has a totally different take from the 
conventional Convolutional Neural Network which is used as one of 
the most successful Neural network for image classification and video 
classification. CNN even though are very successful and already have 

a large number of publicized papers and implementation from one 
serious drawback. CNNS do not take into account the spatial 
relationship between the various components. The better we the neural 
network understand the relationship between the different components 
the better understanding between the relationships where as CNN 
complete ignore this step.
 
7. GRU
GRU, is a type of recurrent neural network , which is used in sequence 
modeling problems and are a perfect fit for natural language processing 
task. It is a simpler version of LSTM and solves the vanishing gradient 
problem. Neural networks learn by using  Gradient descent and in order 
for the neural network to learn during the phase of back propagation , the 
gradients are calculated and GRU as in LSTM tries to remember the state 
of the previous step by keep the gradient  to not fall to zero as this would 
mean a partial derivation of a zero would always be zero and hence the 
neural network would refuse to learn anything.

8. Architecture
In order to perform the sentiment analysis  we propose an architecture 
of Capsule Nets combined with Bidirectional GRU to obtain the best 
results. The deep learning framework we use is Keras with Tensorflow 
as the Backend and the Glove pre trained word embedding vectors . 
These three combined together processes the data to predict the 
sentiment .

The data set which contains 11 columns are featured engineered 
differently. The data field is converted to day, month, year, time, the 
other text are converted to word embedding vector using Glove. After 
the conversion is done the data is fed into the Capsule Net and then the 
capsules processes the data and then is fed further to the Bidirectional 
GRU layer which then runs for a few epochs and then the sentiment is 
calculated into either 1 being position , 0 being neutral and 1 being 
negative.

FIGURE 3

9.  Word Embedding matrix 
We will be showing only the important part of the code , the tokernizer, 
the model architecture and the training phase The tokenizer code in 
python is given below

FIGURE 4
Below is the python function which builds the model, first the raw text 
data is converted to embedding matrix using the Glove pre trained 
vectors and as we are using Keras the input is fed into the Embedding 
Layer of Keras  which then is passed to Bi-directional GRU layer 
which is later on fed into the Capsule Net class.

import numpy as np
import pandas as pd
import re

from sklearn.feature_extraction.text import CountVectorizer
from keras.preprocessing.text import Tokenizer
from keras.preprocessing.sequence import pad_sequences

def loadAndclean():
    data = pd.read_csv('train.csv')
    data['text'] = data['text'].apply(lambda x: str(x).lower())
    data['text'] = data['text'].apply((lambda x: re.sub('[^a-zA-z0-
9\s]','',str(x))))
    return data

max_words = 500
data = loadAndclean ()
tok = Tokenizer(nb_words=max_words, split=' ')
tok.fit_on_texts(data['text'].values)
X = tok.texts_to_sequences(data['text'].values)
X = pad_sequences(X)

from keras.models import Sequential
from keras.layers import Dense, Embedding, LSTM

embed_dim = 32
lstm_out = 10
def buildModel(): 
    model = Sequential()
    
model.add(Embedding(max_words,embed_dim,input_length=X.sha
pe[1]))
    model.add(LSTM(lstm_out))
    model.add(Dense(3, activation='softmax'))
    model.compile(loss='binary_crossentropy', optimizer='adam', 
metrics=['accuracy'])
    return model

model = buildModel()
model.fit(X_train,Y_train, nb_epoch=4, batch_size=1, verbose=1)

Epoch 1/4
2237/2237 [==============================] - 432s 
193ms/step - loss: 0.4445 - acc: 0.7976
Epoch 2/4
2237/2237 [==============================] - 416s 
186ms/step - loss: 0.3713 - acc: 0.8285
Epoch 3/4
2237/2237 [==============================] - 398s 
178ms/step - loss: 0.3290 - acc: 0.8520
Epoch 4/4
2237/2237 [==============================] - 438s 
196ms/step - loss: 0.2849 - acc: 0.8806

Step 1 Step 2 Step 3 Step 4 Step 5

Feature Engg Embedding GRU Capsule Prediction

word_index = tokenizer.word_index
#prepare embedding matrix
num_words = min(max_features, len(word_index) + 1)
embedding_matrix = np.zeros((num_words, embed_size))
for word, i in word_index.items():

    if i >= max_features:
    continue

    embedding_vector = embeddings_index.get(word)
    if embedding_vector is not None:
    # words not found in embedding index will be all-zeros.
    embedding_matrix[i] = embedding_vector

def get_model():
    inp = Input(shape=(maxlen,))
    x=Embedding(max_features, embed_size, 
weights=[embedding_matrix],trainable=False)(inp)
    #embed_layer = Embedding(max_features,
                            #embed_size,
 #input_length=maxlen,
                            #weights=[embedding_matrix],
                            #trainable=False)(input1)
    x = SpatialDropout1D(rate_drop_dense)(x)

    x = Bidirectional(
        GRU(gru_len, activation='relu', dropout=dropout_p, 
recurrent_dropout=dropout_p, return_sequences=True))(x)
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FIGURE 5

10. Results and Discussion
In generally almost all the models have not given extraordinary 
accuracy results, but Random Forest Classifier was chosen as the best 
model after multiple tests. An AUC score of 0.73 given by Random 
Forest model. 

hist = model.fit(X_tra, y_tra, batch_size=batch_size, epochs=10, 
validation_data=(X_val, y_val),

callbacks=[RocAuc])

FIGURE 6

As we can see after running  10 epochs we achieve a score of 0.980280 
on the training  data and a score of 0.9554 on valiation.

11. Performance improvement using different architecture
For most of the sequence modelling recurrent neural networks has 
been used , but recurrent neural network can learn sequences upto a 
few sequences as the gradient becomes smaller and smaller, the 
network refuses to learn and the improvement stops. To alleviate these 
problems of vanishing gradient LSTM and GRU have been proposed 
for learning sequences which could remember long sequences than the 
recurrent neural network counter part. 

To improve performances different deep learning architecture could be 
used, hyper paramenters could be selected and selected and tuned. 
Different optimizers could be used and the learning rate could be 
adjusted and different iterations could be experimented.

We believe that using different architecture, using dropouts to avoid 
overfitting, using Batch Normalization and tuning of hyper parameters 
could help boost the performance of sentiment analysis.

12. Conclusion and Future Work
This paper has shown that using Bi-directional GRU , Capsule Nets 
and Glove pre trained word outperforms LSTM without word 
embeddings .The accuracy score of LSTM without using pre trained 
word embedding is around 0.8806 and the combined architecture Bi-
directional GRU , Capsule Nets and Glove pre trained word achieves a 
score: 0.980280 of for  performs better in terms of accuracy. But there 
are other architecture which could have been used such LSTM, CNNS 
together 
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