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Abstract 
 
Social Network (SN) is a powerful medium for finding the required 

information. The trustworthiness of this information is an important factor to 

make the business intelligence process. Social Network (SN) is a powerful 

medium for finding the desired facts. The trustworthiness of this facts is an 

crucial element to make the commercial enterprise intelligence manner. The 

durability of the information can be calibrated by polarity or sentiment 

orientation, credentials of author and transparency of the sentence. The level 

of transparency of the post in SN can be correlated with sarcasm. Human 

beings are unable to detect the sarcastic conversation in real-time, therefore 

system lags behind humans in finding the sarcastic information to proceed 

for Natural Language Processing (NLP). The automated systems are in need 

to handle the sarcastic information more rationally. We have proposed the 

SSD model to find the sarcastic post using ontology and further determine  
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the actual essence of the information through which sentiment orientation is 

being identified using deep learning. This model finds the internal opinion of 

the post in the social network so that any post which affects internal emotion 

of the user is identified, thereby unnecessary chaos is avoided in the society 

and this helps to make the green community. ReLu activation function is 

adopted for predicting sentiment orientation from the SN information in 

Deep learning. Based on the author plausibility, the SN information posted 

by the concerned author gets evolved in the social medium.Experimental 

results depicted that the proposed method has detected the level of durability 

of the post and results are compared with the state of art tools on 

Monkeylearn, Lexalytics and MeaningCloud.  

 
Keywords: Deep learning, Green community, Natural language processing 

(NLP), Ontology, Social network (SN). 

 

1 Introduction 
 

Deep learning (DL) is a type of machine learning, DL model studies to 

categorize the task from audio, images and text. It is otherwise known as 

Deep Neural Learning or Deep Neural Network [2]. It is a subset of machine 

learning in artificial intelligence (AI) that has networks capable of 

performing unsupervised learning for unstructured or unlabeled data [1] as 

well as supervised learning to train the deep net. DL is generally extended 

using Artificial Neural Network (ANN).  The ANN should not have less or 

negligible data to be utilized for training because its training should go 

through a large amount of data. A small amount of data diminishes its 

learning and improving even with less number of hidden layers. Another 

pitfall of ANN is that it gets looped in local minima. These kinds of shortfalls 

can be eradicated by DL. DL typically contains more than five processing 

layers [6]. Conventional neural networks include few layers, while deep 

networks may have hundreds. Deep learning is capable of determining 

hidden factors [5]. It also group features hierarchically by their relatedness of 

factors [10].  

The activation function is applied at each node in the layers of deep net 

to decide whether to “fire or not fire” the intermediary outputs to control the 

dissemination of output data to the nodes connected to it. A typical example 

of the activation function is the sigmoid, tanh, logsig and softsig [8]. A cost 

function is a measure of the difference in values between actual output and 

excepted output. It is also known as a loss function. It is used to modification 

of the training variables directly to improve the overall DL prediction 

performance. The weight could randomly be changed between neurons until 

our cost function becomes low, which is not efficient. Instead, “Gradient 

Descent” is used that allows finding the minimum of a cost function.Every 

epoch weights are updated according to the expected out output with the  

https://en.wikipedia.org/wiki/Gradient_descent
https://en.wikipedia.org/wiki/Gradient_descent
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corresponding input data set values. To minimize the cost function, it is 

needed to iterate through the available data set many times which consumes a 

large amount of computational power. Gradient descent updates the weights 

automatically in DL. 

The focus of deep architecture learning [11] is to automatically discover 

abstractions from the lower level features to the higher-level concepts and 

self-learns features. It can discover intermediate or abstract representations 

that are present in multiple hidden layers. DL method is typically employed 

to collect and analyze the enormous amount of data on a daily routine by the 

leading corporates like Google, Apple, and Facebook and extract meaningful 

data representations [13] to extract semantic features from such high-

dimensional textual data. These data representations aid in resolving issues in 

cases such as decision-making, semantic indexing and information retrieval 

which have not been perfectly handled by “Big-data” analytics. 

The SSD model proposed to predict the durability of the social network 

post. Ontology is used to classify the sarcastic post and Non-sarcastic post. 

Selected features from classified post are sent to the deep learning model to 

get training for the sentiment polarity observation. Polarized post durability 

can be determined based on the Author's trustworthiness. 

The rest of the paper is structured as follows. In Section 2, we initiate the 

related work in the field of Deep learning and artificial neural networks. In 

Section 3, we describe the proposed SSD model. In Section 4, we describe 

the Comparison of Durability Detection and Performance comparison of 

sarcasm detection. Eventually, we conclude our work in Section 5. 

 

2 Literature Survey on Deep Learning 
 

A Hierarchical Extreme learning Machine that can train the neural 

network in the Back propagation method by focusing on two phases[1] such 

as unsupervised features extraction and supervised classification. It increased 

the computational speed than that of existing deep learning methods. Based 

on random feature mapping and the universal approximation method, both 

the phases were developed. These phases did not require parameter tuning 

because of the increase in the number of hidden layers and hence required 

less time than the existing system. Less number of the parameter is needed in 

the training process than the normal NN. The theoretical evidence conveyed 

the reduction of training error and output weight. However, the authors have 

not addressed text processing. 

Cross loss regularization function was proposed[2] to reduce the over 

fitting of data by fusing the different loss functions in different layers such as 

softmax, tanh, sigmoid, l1norms, pair wise ranking, lambda-rank. In this 

model, five layers of convolution neural network are used for image  
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classification, pedestrian detection, and scene labeling. There were no traces 

of weight optimization and text processing issues in the proposed work.  

Two important unsupervised algorithms [3] can be used for DL which 

were RBM and auto-encoder among which the proposed method 

concentrated on the latter. Non-negative Constrained Auto-encoder technique 

is used to train the DN. Psychology and physiology witnessed that the data in 

the human brain can be stored in the form of part-based representation which  

can be considered as a feature in a deep neural net. These features can be fed 

through the hidden layers for the further process. This type of auto-encoder 

reduced the dimension of features and hence it mimicked PCA. The error of 

reconstruction in the yielded output can be mitigated using pre-training 

which consequently created a more accurate representation of data at each 

layer. The proposed work improved the classification in high-dimension 

space with noisy data and achieved a significant representation from data that 

discovered the hidden structure of high-dimensional data based on auto-

encoders. Prediction can be carried out to deduce the required data from 

handwritten image characteristic data set that is fed as input to the proposed 

auto-encoder. 

Three kinds of modalities were used to train a deep learning system [4] 

namely Textual, Emoticon, Visual modalities, and noisy labels were also 

considered as input to make a perfect leaning system. The sentiment of 

microblog textual modality content might appear to be positive while the 

visual modalities appeared to be negative which formed a sentiment 

situation. Sentiment contribution weight had evaluated the sentiment 

situation based on emoticon through which the ambiguity i.e., the difference 

in sentiment between two different modalities can be eliminated. The 

emoticon is not available in all textual modalities and correct emoticon or 

images are not embedded for the user generated content which is conveying 

the actual textual meaning and hence it was referred to as weak deep 

learning. The proposed WS-MDL model consisted of three components: 

visual sentiment prediction, textual sentiment prediction, and multi-model 

noise estimation.  

Image and tweet were given to the corresponding model to predict the 

sentiment, emoticon was treated as observer variables that was used to 

optimize the CNN and DCNN parameter. Visual features were extracted 

using CNN and textual features were extracted using DCNN. Ingathering of 

these features was used to determine the polarity of the tweet. EM(finds 

maximum likelihood parameters, in Expectation step finds all hidden features 

probability and maximization step finds the maximum likelihood probability 

for the expected parameter)& Back propagation algorithms were used to 

optimize the CNN and DCNN parameters. Weakly Supervised Multi-Modal 

Deep Learning compared with CBM-LR, CBM-SVM and HGL (multi-model 

predictions) had given the better result.  
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Deep Boltzmann machine was trained by user-generated contents namely 

visual, auditory, and textual modalities from microblogs (Twitter Message) 

[5]. Videos in the microblog were searched by emoticons or emotion tags 

that reduced the look-up time in a huge volume of data. Linguistic features 

for textual modalities were extracted from Lexicon, emotion dictionary and 

POS tags. Gaussian RBM was handled to combine multiple modalities such 

as visual, auditory, and textual data to make joint representation with the 

concept of joint conditional probability distribution and hence it could deal 

with real-valued input with softmax activation function rather than only 

binary values. These values were used to construct a confusion matrix 

through which missing values of text can be predicted. 

Deep learning is characterized as an end-to-end learning system typically 

consisting of more than five processing layers including input and output 

layer [6]. DNN learns the optimal features for the given problem in order to 

minimize a loss cost function. Classification accuracy is optimized by finding 

a proper selection of DCNN features. A large amount of features gives rise to 

computational overhead in the learning system and therefore reduction of 

over-fitting plays a vital role in the Deep learning system. Over-fitting can be 

mitigated by applying any one of the techniques according to the application 

such as Dropout, Data augmentation, Weight decay. 

Multi-sensor data fusion refers to the statistical and machine-learning 

problems of combining data from different kinds of sensors that enable better 

inference, prediction and decision making [7]. A sensor network is frequently 

composed of heterogeneous sensor nodes that capture multiple data 

modalities with potentially different statistical properties. Wireless sensor 

data is often incomplete due to low battery, transmission loss or faulty 

sensors. These missing entries degrade the accuracy of data fusion for 

decision making. Missing data imputation and classification can be identified 

by KNN and sparse PCA techniques. 

Forecasting accuracy can be improved for deep architecture by stacked 

auto-encoder Levenberg-Marquardt(SAE-LM) model that improves the 

accuracy of short-term traffic flow forecasting [8]. Traffic features are 

extracted from the currently gathered data using a deep learning process; 

consequently, the prior knowledge for forecasting may not be required. 

Different activation functions are used in hidden layers namely sigmoid, 

tanh, logsig and softsig.  

The structure of the auto encoder(SAE-LM) is determined by the number 

of hidden nodes and the number of hidden layers. The maximum number of 

hidden nodes must be log2 (N) and that of the hidden layer must be the sum 

of number of auto-encoders used and one hidden layer. The accuracy rate 

could be increased based on the number of auto-encoders used. Auto-encoder 

has no effect if the hidden units are the same as the input unit because it just 

copies the input. Typically it consists of more number of auto-encoders to  
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increase the accuracy thereby consumes more time to train and forecast the 

SAE-LM. It is not suitable for highly smooth data distribution since the 

network has been trained for lumpy traffic (rough or irregular) data  

A typical Recommendation system has three major issues in terms of 

sparsity, cold-start, and trustworthiness. Matrix factorization is combined 

with a deep learning system (DLMF) to construct an efficient 

recommendation system [9]. A good initialization must have a better local 

minimum and improve the accuracy of the learning process. On the other 

hand, MF is a prediction model that has a major shortfall of initializing 

values for the matrix. This shortfall would be revamped by DL (initial value 

will be trained by DL). Missing data and noisy data can be handled and 

predicted by a community detection algorithm which is otherwise known as 

Trust Cliques Algorithm.  

Multi-kernel maximum mean discrepancy (MK-MMD) enabled Deep 

learning systems is applied to cross-domain data mining for reusing labeled 

information and mitigating labeling consumption [10]. It learns transferable 

features representation between source domain dataset and target domain 

dataset. As a result, the reduction of discrepancy between cross-domain can 

be achieved whereas a common deep neural network can learn abstract 

feature representation that cannot remove the cross-domain discrepancy. 

 

3 Proposed System 
    

3.1 Operational User Generated Content 
 

SSD is suitable for multi-domain micro blogs for sentiment analysis. The 

first module deals about operational user-generated content as it creates the 

content for the business intelligence process. According to the analysis of 

micro blog or user-generated content, selection of a domain such as politics, 

sociology & psychology is retrieved from the social network like Facebook, 

Twitter, LinkedIn, Google+, Pinterest and Tumblr. 
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Figure 1: Proposed architecture diagram for Sentiment Durability Detection (SDD) 

 

Twitter Application Programming Interface (API) is a tool for extracting 

the tweets tweeted by the users. This is authenticated by Twitter for research 

purpose in data analysis. Micro blogs are retrieved and stored in database 

along with the author’s reputation. Blog is fed to the pre-processing unit 

where, undesirable words, symbols and redundant data are eliminated which 

does not affect the contextual meaning of the sentence and interjection words 

can be identified and stored for further process [11]. Figure 1 shows 

proposed architecture diagram for Sentiment Durability Detection (SDD) 

Typically interjection words are present at the beginning of the sentence. 

Interjection words express the feeling of the person such as excitement, 

happiness, sadness of an individual who wrote the micro blog. Interjection 

word gives specific impact if and only if it is used in a blog sentence. It is 

commonly used to express the robust feeling of human beings [12]. Some of 

the interjection words are aha, ahem, ahh, ahoy, alas, arg, aw, bam, bingo, 

blah, boo, bravo, brrr, cheers, congratulations, dang, drat, darn, duh, eek, eh, 

encore, eureka, fiddlesticks. These kinds of words are commonly used by the 

creators of the micro blogs. Every interjection word has a heuristic value 

based on the micro blog along with it. These values are also considered as 

input for the Deep learning. 
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3.2 Ontology  
 

Ontology is the process of finding concept from the explicit specification 

using which the knowledge can be shared and reprocessed. The key 

terminologies of ontology are namely axioms, relations, instances and 

concepts [14]. A concept is defined as a semantic organization that translates 

implicit knowledge forcing the structure of a piece of a domain.  A concept 

can be projected as a group of entities inside a domain. Instances are the 

entities represented by a concept and axioms that constructs the value for 

each instance or a class [15].  

A knowledge base is established by organizing multiple ontology with a 

set of individual instances of classes. Proposed system develops knowledge 

base by combining three different domains such as politics, sociology and 

psychology. Therefore, three different ontology are required for the 

aforementioned domains to develop a knowledge base.  

 

3.3 Scarcasm Detection  
 

Ambiguity detection and elimination component focuses on finding the 

ironical statements present in the blogs which may contain negative impact 

through positive sentence or positive impact through negative statement also 

known as sarcasm. Therefore ironical statement does not give direct 

sentiment orientation. Detecting and elimination of ambiguity based on the 

situation and sentiment in a particular discourse is quite easy for human 

beings but complicated for machines. Therefore this can be handled by 

ontology.  

Proposed idea imposes the ontology for detecting the sarcastic sentence. 

According to the domain which is selected in initial step, the pre-processed 

user generated content is fed to the ontology map. A typical input sentence 

can be well fit into the ontology map[16] and generates suitable concept. 

Meanwhile, ontology graph is unable to find concept for the given sentence if 

the sentence has sarcasm and/or the sarcastic sentence can be fit into more 

than one branch of graph in the ontology graph that results in multiple 

concepts for a single sentence. 

The output of the ambiguity detection and elimination module gives the 

operational sentence which can be used for further computational process 

called feature extraction module. This module uses both the interjection 

words and the processed microblog which has generated from the ontology. 

 

3.4 Feature Extraction 
 

Sentiment analysis uses the approach called SentiWordNet which is the 

lexical dictionary in the words are grouped based on synonyms of verbs, 

adjectives, nouns and other grammatical classes recognized  as synsets [17].  
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Feature values are extracted using SentiWordNet database for processed 

micro blog. Non sarcastic sentence is fed as the input to the feature extraction 

phase. Rule Base Mode (RBM) is used to extract the subjective words in the 

micro blog and produce the numerical value of matching with the 

sentiwordnet database. A subject word is able to make the decision for a post 

or micro blog  in the social   network. These values would be sent to the deep 

neural network as an input for training the data along with the interjection 

word values. 

Sentiment orientation of a text is calculated based on average scores of 

all associated synsets. Interjection words are already extracted and stored in 

the database for each micro blog; this is also considered as features to 

improve the subjectivity of the micro blog. Words are not grouped merely 

using meaning and definition because a word present in one sentence gives 

different meaning in another sentence. Hence, handling the words based on 

meaning and definition alone may not help us to carry the research. It is also 

discussed in Roget’s Thesaurus. 

 

3.5 Deep Learning Model 
 
 Deep learning model is also called as Deep Neural Network (DNN). 

DNN learns the optimal features for the given problem in order to minimize a 

loss cost function. Classification accuracy is optimized by finding a proper 

selection of Deep Convolutional Neural Network (DCNN) features. A large 

amount of features gives rise to computational overhead in the learning 

system and therefore reduction of over-fitting plays a vital role in the Deep 

learning system. Over-fitting can be mitigated by applying any one of the 

techniques according to the application such as Dropout, Data augmentation, 

Weight decay. 
 

3.6 SDD Deep Learning Model 
 

Input layer of Deep learning model receives the features such as values 

from SentiwordNet and interjection words values. Input layers contain 

minimum of four nodes and maximum number of nodes can be determined  

by the amount of training data that is provided to DNN. Here the training 

data is referred to as feature values. Input layer pass the input to the hidden 

layers. There is no specific rule-of-thumb to decide the number of hidden 

layers. A fundamental approach to determine the number of hidden layers is 

based on the amount of data that is separable from the input layer-fed data. 

Adding more number of hidden layers causes the over-fitting of data 

which leads to deteriorated performance in DNN. The sentiment orientation 

such as positive, strong positive, negative, strong negative and neutral must 

be filtered from DNN and therefore a minimum of five hidden layers are  
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required in the proposed DNN system and one output layer is needed with 

five neurons to project the five different sentiment values. Every neuron in 

the hidden layer has an activation function that decides whether the output of 

one neuron is sent to the input of other neuron present in the layers or can be 

ignored. Activation function is the nonlinear transformation function in 

which every input is combined with the respective weight along with the bias 

value to trigger the output from the every node.  

There are different kind of activation functions used in the DNN based 

on the applications namely Binary Step, Sigmoid, Tanh , ReLU, Softmax. 

Among these activation functions ReLu function is the most popular and fast 

activation function that can be used in neurons present in hidden layers 

though there is more number of hidden layers available. Hence the proposed 

system makes use of the enhanced ReLu activation function called 

Exponential Parametric Linear Unit function (EPLU) [15] which is defined 

as 

 
Training data set X={x1,x2,…….,xn}  and x in the training data and a, b 

are performance factor enhances the performance of the EPLU function in 

the Deep leaning model. Apart from these activation functions, we can 

construct our own activation function for every node in the DNN based on 

application. 

The deep learning model gives the sentiment orientation as output in the 

form of positive, negative, neutral, strongly positive, strongly negative and 

the same would be combined with the author's reputation. Therefore a 

subjective statement said by a concerned famous author citation may 

continue or halt in the future. Through this approach, we can also predict the 

lifespan of the story of the particular author in social media as well as in the 

thoughts of Twitter users. 

 

3.7 Proposed SSD Algorithm 
 

Step 1. 

   P is the post of social network   

        . 

    

  where D1=Politics, D2=Sociology, D3=Psychology 

 Step 2. 

   If P  C1,C2,C3,....Cn (Concepts of the Post) 

  Then  

   p1 ≠ Direct sentence 
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                             Else 

   p1= Sarcastic sentence 

 Step 3. 

    Where f1,f2,f3,f4 are the four types of   

  features of post P 

  f1  Emotion 

  f2  Interjection word 

  f3  Senti word net 

  f4 Personality traits 

 Step 4.  

  Set f1,f2,f3,f4 X 

   x1,x2,x3,x4  X  

  where  x1,x2,x3,x4 are the neurons of input layer 

Step 5.  

  Apply  softmax activation function  on the neurons of hidden  

  layer  

 
Step 6.  Initialize Sentiment orientation (SO)=0, Weight age (Wa)=0 

  If SO> Wa 

  Then Halt 

  Else goto Step 2 . 

 

  

4 Results and  Comparison of Durability Detection 
 

4.1 Comparison of Durability Detection 
 
   

 

 

 

 

 

 

 

 

 

 

 

 
Figure 2: Comparison of Durability detection 
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Figure 2 shows the comparison of Durability detection of a post in the 

social network with the state of art tools such as Monkeylearn, Lexalytics, 

and MeaningCloud. The symbol + and • represents the high durable post and 

low durable post. Post which is having Probability value 0.5 and above are 

considered as the high durable post otherwise low durable post? “+”s on the 

right half and “•”s on the left half of the figure depicted that the SSD model 

predicts correctly compared with other models. Most “+”s are in the top-right 

area, and most “•”s are in the bottom-left area, which indicates that the 

accuracies of both models are reasonably high in terms of F1 score measure.   

The proposed methodology used Kaggle datasets in favor of performance 

analysis and 100 to 500 dataset are taken for performance analysis 

  

4.2 Performance Comparison of Sarcasm Detection  
 

 
Figure 3: SSD model Performance comparison of sarcasm Detection 

 

Durability detection was done based on the strength of sarcasm 

detection; the SSD model uses the protégé for detecting the sarcasm. This 

will provide a single concept for the Non-sarcastic sentence, on the other 

hand, multiple concepts for sarcastic sentences. The sarcasm level is 

correlated with the F1-score value through which the accuracy of the post is 

measured. This is depicted in figure 3.   
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The above graph 4 & 5 depicted the Existing model has produced 70% 

accuracy on the validation set and observing from the loss graph validation 

loss is greater than or equal to training loss hence there is considerable 

amount over fitting of data  at the same time it gives the generalization of the 

result.  

 
Training has made to SSD model from 0 epoch to 15 epochs subjected to 

increase the accuracy from 70% to 83% in order to detect the sarcastic post 

in the social network which is depicted from the figure 6 and validation loss  
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also moved towards the training loss which shows the prediction of  sarcasm 

is precise than the general thereby over fitting is reduced from 45% to 31% 

which is shown in figure 7. 

 

5 Conclusion and Future Enhancement  
 

This SDD model predicts the durability of the statement or post which is 

most famous in the social media and it provides the polarity strength of the 

post which can be cited by other members, using this it evaluates the 

Reliability, Stability and Trustworthiness of the post. This gives to take 

decision making for further activities such as people's ombudsman, People 

poll, etc., this model outperformed with exiting state-of-art tools such as 

Monkeylearn, Lexalytics and MeaningCloud. Accuracy of this tool is 

compared with the above-mentioned tools and that is depicted in the graph. 
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