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Abstract: Social Media opinion Mining and Sentiment analysis 

is one of the important application of NLP (Natural Language 
Processing) to analyze online social media users’ conversations 

and discussions ,  and find out the in depth context of a topic, a 
brand, a celebrity or a theme. There are various methods and 
algorithms used in the area of sentiment analysis and opinion 
mining. The Dictionary Based Approaches only identifies the 
number of positive words and the negative words in the sentence 
and takes a decision based on their difference. Thus a phrase “not 

bad” would became negative phrase. Using doc2vec, a deep 

learning algorithm which is used in this paper to drive the context 
from phrases. This algorithm calculates a value of probability of 
positiveness for each sentence. The range of values 0 -1 are 
considered as completely negative sentences, and the values from 
0.35 to 0.65 are considered as completely positive sentences and 
the values which are in the middle are considered as neutral. 

There are various methods used to analyze and determine the 
user opinions from the massive amount of online data produced. 
This paper emphases on usage of deep learning based approach to 
develop a system to discover public opinions and sentiments. 
Experimental results prove that the accuracy on both training and 
testing datasets are high when compared with other machining 
learning approaches. 

Keywords – Social Media Data, Opinion Miner, Sentiment 
Analyser , Deep Learning, word embedding , word2vec, doc2vec. 

 

I. INTRODUCTION 

Social media are computer-mediated [1][3]technologies 
that facilitate the creation and sharing of information, ideas, 
career interests and other forms of expression via virtual 
communities and networks. The variety of stand-alone and 
built-in social media services currently available introduces 
challenges of definition; however, there are some common 
features:  
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User-generated content, such as text messages, multimedia 
contents such as  digital photos or videos, and data generated 
through all online interactions, are the lifeblood of social 
media[1]. Users create service-specific profiles for the 
website or mobile app that are designed and maintained by the 
social media organization. Social media facilitate the 
development of online social networks by connecting a user's 
with other individuals or groups.  

Various Social Medias like twitter, facebook, youtube and 
instagram are  useful in many Businesses  to produce 
successful social drives, distinguish influencers of their 
product, service & brand, to find strengths and flaws of 
business competitors, to keep track of the virality of content 
spread over across the online social media and World Wide 

Web and to discover the current trending topics which 
influences the business. 

To determine user opinions and their sentiments about 
particular event or an individual, in this paper massive amount 
of Twitter data is used to train the model using word 
embedding and deep learning algorithms. This paper deals 
with word2vec a word embedding method to convert textual 
data into numerical representations and glmnet classifier a 
deep learning based classifier to classify and find the 
probability of positiveness of real time tweets. 

II. OVERVIEW OF SYSTEM ARCHITECTURE 

The following steps are used by the DL Based Opinion 
Analyzer and Sentiment Classifier [2]. The important 
steps involved in the construction of a deep learning based 
model for opinion analyzes and the sentiment classifications 
are given below: 

A. Get the data  
B. Create Vocabulary Based Vectorization & Tf-Idf 
C. Building Model architecture & Model Parameters 
D. Train and test the model 
E. Run the model with Real time data 

 

Fig 1: Architecture of DL Based Sentiment Classifier 
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The Architecture comprises of two main phases: 
 Train the Model - to build the model 
 Test the Model -  to validate the model 

Train the Model 

The main important steps carried out to train the model are 
listed below: 
- Loading & Pre-Processing A Training Set of Tweets 
- Loading Classified Tweets 
- Data Splitting On Training and Testing (80% & 20%) 
- Pre-Processing & Tokenization 
- Creating Vocabulary & Document-Term Matrix 
- Construct Term Frequency – Inverse Document Frequency 

(TF-IDF) Model 
- Fit the system using the Training Data 
- Transform the data  suitable for  Fitted system 
- Train The System  using Glmnet_Classifier 
- Save The trained Model for Future Use 
- Find Accuracy of the Classifier 

Testing Phase: 

The important steps carried out in testing phase are listed 
below: 
- Tweets Extraction 
- Pre-Processing and Tokenization 
- Creating Vocabulary and Document-Term Matrix 
- Transforming Data with Tf-Idf 
- Loading Classification Model 
- Predict Probabilities of Positiveness 
- Adding Rates to Initial Dataset (Sentiment Value) 
- Visualize The Result 

A. Get the data 

Sourcing the labelled data for training a deep learning 
model is one of the most difficult parts of building a model. 
The data set consists of 1.6 million classified tweets and 
corresponding polarity value as label, which is used to match 
each of the sentences to a sentiment score. The value of 
sentiment score ranges from 0 to 4, 0 being very negative 
sentiment and 4 being very positive sentiment and the values 
between 0 and 4 is used to represent the probability of 
positiveness. The overall data is divided into two parts: 

 Training Data: 80% of the overall data is used to train  
    system. 
 Test Data: 20% of the overall data is used as the test    
    data to test the accuracy of the model after training. 

B. Create Vocabulary Based Vectorization & Tf-Idf  

Before training the model, it is necessary to pre-process, 
tokenize and create vocabulary for each of the sentences in the 
corpus and convert them into Tf-Idf model which is used to 
summarize the text documents.  Vocabulary-based 
Document-Term Matrix (VB - DTM) is created and it is used 
to fit the system using training data and convert those data 
suitable for the fitted system. Pre-trained term frequency 
–inverse document frequency conversion is applied on test 
data also. The process of transforming words into numerical 
representation in vector space is called as vectorization, 
which accumulates the aggregate vocabulary, maps the 
vocabulary to numerical value, and counts total number of 
words in the documents.  

C. Building Model architecture & Model Parameters 

The model is trained using glmnet classifier which is 
defined in Glmnet package of R. It is used to fit a generalized 
linear system through penalized maximum likelihood [11]. 
The computed regularization path for the elasticnet or lasso 
penalty at a grid of values for  lambda , the regularization 
parameter. cv.glmnet() function finds the optimal value of 
lambda(ʎ) and also produces a simpler model. 

D. Run the model 

Once the model is trained using cv.glmnet() function and 
saved with .RData extension for future predictions. In real 
time, the trained model is used on real time data to find out the 
predictions. The saved model is loaded and the input data is 
given to the model. It is necessary to preprocess and transform 
the input data into word embeddings. Then fit the data which 
is suitable for the model. The saved glmnet classifier takes the 
preprocessed sentences as input and calculates the sentiment 
score and predicts the probabilities of positiveness of each 
sentence. 

E. Results and Visuslization 

The glmnet classifier calculates the sentiment score of each 
sentence and predicts the probabilities of positiveness for 
each sentence. Data visualization techniques are used to 
visualize the sentiment score and probability of positiveness 
of each sentence. 

III. METHODS AND ALGORITHMS 

The important methods used in the implementation of the 
proposed system are: 

- Word Embeddings 
- Word2vec and Doc2vec 
- Glmnet – (generalized linear model) 

A. Word Embeddings 

Word embedding [4] is popular way of representing 
document vocabulary. It captures word’s context in a text 
document, syntactic and semantic similarity and relation with 
other words. Simply it is a vector representation of a specific 
word in which texts are converted into numbers.  
Word2Vec is one of the most popular technique to learn and 
produce word embeddings. These are shallow 
2-layered artificial neural networks (ANN) used to train and 
recreate phonological contexts of words. Enormous amount 
of text data is given to Word2Vec and several hundred 
dimensions of a vector space is produced as an output, with 
each single word of the text data is represented as a 
vector. Word vesctors are positioned in the vector space so 
that terms of the corpus that shares the common contexts are 
placed close vicinity to each other in the space. Such 
representations [10] of word vectors capture different 
relationships between words, like analogies, synonyms or 
antonyms, as shown in figure down:  
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Fig .2: Remarkable analogies of word embedding – 

ExampleThere are two types of word embeddings broadly 
used. 

a) Frequency based word Embedding 
b) Prediction based word Embedding 

a) Frequency based word Embedding 

There are three different types of methods under this group. 
 Count Vector 
 TF-IDF 
 Co-Occurrence Matrix 

b) Prediction based word Embedding 

 There are two different types of methods [5] under this group. 
 CBOW , the Continuous Bag-of-Words Model 
 SGM, the Skip-Gram Model 

These methods forms basics for word2vec representations. 

B. Word2vec algorithms 

There are two ways to create word2vec representation of 
words corpus.  

a) CBOW , the Continuous Bag-of-Words Model 
b) SGM, the Skip-Gram Model 

These model architectures were used to learn distributed and 
numerical representations of words that reduces the 
computational complexity. 

a) CBOW Model 

CBOW model predicts an output term (center term), when 
given a bag of surrounding terms (context words). To predict 
the output word, this model uses a sliding window around 
input words, i.e the adjoining words. Every word is 
characterized as a feature vector.  

 

Fig. 3: System to find output word when given context 
words For example, 

{“Actions”, “louder”, “than”, “words”} be the given set of 

context words and from these set, system should capable to 
guess the center word “speak".  
Parameters & Notations of CBOW Based System: 

- x (c) –  one hot vector representation of Input 
- y or y (c) -  Output word 
- wi :  i

th term of vocabulary V  
- V ∈ Rn×|V| : Matrix with Input Terms  
- vi : i-th column of  Matrix V 
- U ∈ Rn×|V| : Matrix with Output Terms  
- ui : i-th row of Matrix U 
- n - the random size of embedding space  

 
Steps carried out in CBOW Model: 
i. Generate one hot word vectors of size ‘m’ i.e. (x 

(c−m) , . . . , 
x (c−1) , x (c+1) , . . . , x (c+m) ) , where ‘m’ is size of input 

context terms 
ii. Resultant embedded word vectors for the context (vc−m = 

Vx (c−m) , vc−m+1 = Vx (c−m+1) , . . ., vc+m = Vx (c+m) ) 
iii. Find average value of embedded word vectors 

= (vc−m+vc−m+1+...+vc+m)/ / 2m 
iv. Calculate score vector z using z= U*AV 
v. Generated Probabilities of Score (ŷ) = softmax(z) 

vi. The Loss function used in this model to find the difference 
between true probability(y) and predicted probability (ŷ) is 

given by : 
H(ŷ, y) = −yi log(ŷ i) 
 

vii. The objective function in CBOW model is calculated as 
negative log likelihood of a word given a set of context 
words and it is given by following formula: 

 

wo : output word 
wi: context words 

viii. Update all related word vectors using Gradient descent 
algorithm 

In CBOW methods, the gradient of error with respect to 
input-hidden weights and hidden-output weights and were 
calculated using linear activation methods. 

b) Skip gram Model 

The algorithm used in word embedding is Skip Gram Model 
which is straight opposite to CBOW methods.  Instead of 
predicting one word each time in CBOW, here one word is 
used as input to predict all surrounding words i.e. “context 
words”. As compared to CBOW, SGM is considerably 
slower than CBOW but produces more precise results with 
rare, infrequent and common words. 
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Fig. 4: System to find context words when given a input 
wordFor example, 

 
Given the center word "jumped", the system will predict the 
surrounding words "The", "cat", "over", "the", "puddle".  

Parameters & Notations of Skip-Gram Model: 

x - Input one hot vector (center word) 
y (j)- Output vectors  
V and U – Input & Output word matrix  
wi - Word i from vocabulary V  
V ∈ Rn×|V| -Matrix of Input word 
vi -  i

th column of Input Matrix V 
U ∈ Rn×|V| - Matrix of Output words 
ui - i-th row of Output Matrix U 
Steps in Skip-Gram Model: 

i. Generate one hot representation of input vector x  
ii. Generate embedded term vectors for context words  vc = 

Vx  
iii. No average value is calculated like CBOW model, just 

set vˆ = vc  
iv. Generate score vectors, uc−m, . . . , uc−1, uc+1, . . . , uc+m 

using u = Uvc. 
v. Convert these scores into probabilities, y = softmax(u) 

vi. Match the probability vector generated to the true 
probabilities ie the one hot vectors representations of 
output which are y (c−m) , . . . , y (c−1) , y (c+1) ,……. , y 

(c+m)  
The objective function to compute gradients is given by the 
formula: 
 

 

C. Doc2vec 

Doc2vec [6] otherwise called as text2vec which is simple 
extension of word2vec and it is used to construct an 
equivalent numerical illustration of a text document, 
irrespective of its size. The methods used in predicting the 
documents are: 

i) Distributed memory model for Paragraph Vector 
(PV-DMM) 

ii) Distributed bag of words Model for Paragraph Vector 
(PV-DBOWM) 

a) PV-DMM 

 In CBOW word2vec method, another feature vector called 
paragraph id is concatenated with the wordvec to get the 
document-unique text2vec representation, which is used to 
guess the next term in the document. 

 

Fig. 5: PV-DMM model 

In the training phase along with word vectors ‘W’, the 

document vector D also get trained using stochastic gradient 
descent and the gradient is obtained via back propagation. At 
the end it holds a numeric representation of the document. 
The above trained model is called as of Paragraph Vector 
Distributed Memory Model (PV-DMM). It acts as a memory 
device that stores missing words from the current context   or 
the topic of the paragraph. While the word vectors represent 
the concept of a word, the document vector intends to 
represent the concept of a document. 

For example, 

 N – Number of paragraphs in the corpus 

 M – Number words in the vocabulary,  

p- Dimension mapped to paragraph 

q- Dimensions mapped to words 

Total number of parameters in model = N × p + M × q 

When N takes large value, the updates during training phase 
are normally sparse in nature and thus efficient. After the 
model is trained, the paragraph vectors contains features of 
the paragraph. These features can be directly used with any 
machine learning techniques such as logistic regression, SVM 
or K-means. At the time of prediction, system need to perform 
an inference step to compute the paragraph vector using 
gradient descent for a new paragraph. The main advantage of 
this model is that it was trained and learned using unlabeled 
data and thus it can work very well on tasks that do not have 
an adequate amount of labeled data. 

b) PV-DBOWM ( Distributed BOW Model )  

There is another method which is like skip-gram based 
word2vec model. It uses PV-DBOWM for prediction. This 
method ignores the context words in the input, but train the 
system to guess the output terms arbitrarily from the given 
passage. 
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Fig. 6: PV-DBOWM 
 

This method uses stochastic gradient descent for updates. For 
each iteration, this algorithm, samples a text window, then a 
arbitrary word is fetched from the text window. It accomplish 
classification task on the given Paragraph Vector. This is 
depicted in above figure.  
This method is called as PV-DBOWM, and it is opposite to 
PV-DMM. This method is faster than PV-DMM because 
there is no need to store and process the word vectors, thus it 
consumes less memory. 

D. glmnet Classifier 

Glmnet stands [7] for generalized linear model it fits the 
model via penalized maximum likelihood. The regularization 
path is calculated for the elasticnet penalty or lasso penalty at 
a grid values of lambda (λ). It can deal with all shapes of data, 
and huge sparse matrices. It fits all models like logistic, linear, 
multinomial and Cox regression models.  
This algorithm is extremely fast. The glmnet classifier used to 
find solution for the following problem: 
 

β
T
xi)+λ[(1−α)  

 
Here,  
λ  - Tuning parameter controls complete strength of penalty 
l(y,η) – observation’s negative log-likelihood contribution  
α - Elastic-net penalty controller. Its values lies between 0 - 1. 
For lasso the default value is (α=1) and ridge the default value 
is (α=0). 
Basic idea of glmnet algorithm: 
If the coefficient penalty λ  is very large then:  

All coefficients = 0.0  
A small change in λ minimizes the value of w.  
Track incremental changes and find optimum value of w using 
coordinate descent algorithm. 
The function cv.glmnet() in R glmnet package is used to train 
the model 
glmnet(x1,y1,family=c("binomial","gaussian","poisson","co
x""multinomial"), weights, offset=NULL, alpha=1, nlambda 
=100,lambda.min.ratio = ifelse(nobs)) 
x1- Input matrix 
y1- Response variable.  
Weights - Observation weights, Default value is 1  
Offset - Linear prediction Vector. Values vary based on 
family. Default value is NULL. 

 
Alpha - Elasticnet mixing parameter, holding values from 
0≤α≤1. For lasso penalty α =1 , and α =0 for ridge penalty. 
 
Lambda - user supplied lambda sequence. Computed 
programmatically based on nlambda and lambda.min.ratio.  
 
In our experiment, glmnet() function is used with following 
parameters to train the model.  
cv.glmnet(1 = dtmtraintfidf,  y1 = tweetstrain[['sentiment']],  
family = 'binomial', alpha = 1, type.measure = "auc",                                                           
nfolds = 15, thresh = 1e-5, maxit = 1e5) 
Where, 
dtmtraintfidf – Fitted and transformed model as input using 
training data. 

IV. IMPLEMENTATION DETAILS 

This section explains the details of implementation and 
results.  The two phases of implementations are explained in 
details:  

A. Training Phase 
B. Testing Phase 

A. Training Phase 

The model is trained in training phase using 1.6 million 
preprocessed and labeled tweets. 80% of dataset is used as 
input to train the system and 20% of total data is used for 
testing to test and validate the trained system. The algorithm 
fits the model for the following values of lambda: 
lambda.min = 0.0008566753 
lambda.1se  = 0.0008566753 
lambda.1se means largest lambda value, where error is within 
1 standard error of minimum. 

 

Fig. 7: Glmnet Classifier Plot 

While training, the following Glmnet Parameters are learned 
and shown below: 
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  Fig. 8: Glmnet Classifier Parameters (lambda, cvm & 
cvsd) 

 
 

Fig. 9:  Glmnet Classifier Parameters (cvup, cvlo and 
nzero) 

 
 

Fig. 10:  Glmnet Classifier lambda values 

 

Fig. 11:  Glmnet Classifier for Traing Dataset 

The predicted positiveness of the sample test data by the 
glmnet classifier is given below: 
 

 

Fig. 12:  Glmnet Classifier – Predicted values 

Maximum accuracy given by the trained model is 0.8767. The 
maximum accuracy of the model obtained using test data is 
0.8754919. Finally the model is saved with extension .rds (R 
data file) for future use. 

B. Testing Phase 

Real time tweets are extracted using ‘twitteR’ and 

‘ROAuth’ packages. The extracted tweets are preprocessed 

and tokenized. Then data is converted into document – term 
matrix (DTM) format for creating equivalent word 
embedding.  Finally the data is transformed into tf-idf format. 
The saved classifier is loaded and the tf-idf format of 
preprocessed tweets are given as input to classifier.  
Few samples of extracted real time tweets about West Indies 
tour 2019 are shown in fig. 13 below.  

 

Fig.13:  Sample Tweets Extracted 

TF-IDF values of real time tweets i.e. corresponding word 
embeddings  are shown below in fig. 14. 

 

Fig 14: TF-IDF values of sample tweets 
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Predicted sentiment values of tweets and its corresponding 
word embedding generated by the glmnet classifier is shown 
in fig 15 below. 

 

Fig. 15:  Glmnet Classifier –predict probabilities of 
positiveness for Each Tweet 

The sentiment values of each tweet calculated by classifier is 
shown in figure 16 below. 

 

Fig. 16. Sentiment Values calculated by Model for Each 
Tweet 

V. EXAMINATION OF RESULTS 

When the glmnet classifier is trained using word embedding, 
it learns the following parameters: 

a. Lambda 

It is regularization parameter. When the classifier is trained, it 
produces a range of values from ‘lambda minimum’ to 

‘maximum’ and the optimal lambda value is selected by the 

classifier based on the cross validation. The sequence of 
lambda values generated are shown in table 1 below: 

Table 1: Sequence of lambda values 

 

b. Cross validated error(CVM) 

 For each value of lambda, the calculated value of cvm is 
shown in table 2 below: 
 
 

Table 2: CVM values for sequence of lambda values 

 

c. Estimation of Standard error(cvsd) of CVM 

The estimated standard error of cross validation error is 
shown in table 3 below: 

Table 3: Estimated standard error of cross validated 
error 

 

d. Cross validation Upper Curve(Cvup) & Lower Curve 
(cvlo) 

The upper curve of cross validation is calculated using  the 
formula cvup=cvm+cvsd and the lower curve is calculated 
using the formula cvlo=cvm=cvsd.  The calculated values of 
above parameters are shown in table 4 below: 

Table 4: estimated standard error of cross validated error 

 

e. Non zero coefficients of ‘ λ’ 

Table 5 below shows the nonzero coefficient values of 
lambda: 
Table 5: estimated standard error of cross validated error 

 
Finally the type of measure used by the classifier is “auc”, and 
the minimum value of lambda obtained is 0.0009417966. The 
trained glmnet classifier is fitted for the whole data and it 
saved with .rds extension for future use. 
When the classifier is loaded and used in real time to predict 
the user sentiment about a particular event, thing or a 
celebrity. The tweets are extracted and converted to its 
equivalent word embedding and given as input to the model.  
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The model predicts the sentiment score of each tweet and 
shows the probability of positiveness of each. The sentiment 

score of each tweet is shown below in table 6. 

Table 6: Sentiment score calculated by the classifier 

Visualization   of the above sentiment values are plotted using 
ggplot package in R, which is shown below in figure 16. The 
green line in the plot is the borderline for the positive tweets 
and the red line in the plot is the borderline for the negative 
tweets. The sentiment values of each tweets are plotted with 

red color for negative score, yellow color for neutral tweets 
and green color for positive tweets. Most of the tweets are 
neutral comments, that’s why the plot depicts those values in 
yellow color. 

 

Fig .16: Visualization of Probability of Positiveness calculated by Model 

VI. CONCLUSIONS  

This paper explained in detailed about deep learning based 
implementation of sentiment analyzer and opinion miner. 
This paper deals with different approaches of word 
embedding, glmnet classifier and how both are used in 
effectively finding the user opinion and sentiments of social 
media data. Dictionary based and affective lexicon based 
approaches give results based on comparison of words with 
the dictionaries to predict the value. But deep learning based 
approach gives the probability of positiveness of each 
sentence in the corpus instead of predicting positive, negative 
and neutral. This approach gives best results compared to 
dictionary based approaches and also help [7] the business to 
create successful social campaigns, recognize brand 

influencers, compare competitors analysis, discovery of 
trending topics and customer feedback towards the business. 
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