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Abstract— Despite recent successes of deep learning in many 

fields of natural language processing, previous studies of 

emotion recognition on Twitter mainly focused on the use of 

lexicons and simple classifiers on bag-of-words models. In 

this paper whether we can improve their performance using 

deep learning and it is considered as the central question of 

the study. To this end, we exploit hash tags to create three 

large emotion-labeled data sets corresponding to different 

classifications of emotions. We then compare the 

performance of several word and character-based recurrent 

and convolutional neural networks with the performance on 

bag-of-words and latent semantic indexing models. By using 

this study we also investigate the transferability of the final 

hidden state representations between different classifications 

of emotions, and whether it is possible for predicting all of 

them using a shared representation to build a unison model. 

We show that recurrent neural networks, especially character-

based ones, can improve over bag-of-words and latent 

semantic indexing models. The newly proposed training 

heuristic produces a unison model with performance 

comparable to that of the three single models even though the 

transfer capabilities of these models are poor.   

Keywords: Natural Language Processing, Hash Tags, Neural 

Networks, Indexing Models 

I. INTRODUCTION 

Social network service which defines and focuses on the 

verifying and building of online social networks for 

communities of people who shares different varieties of 

information and interests of different persons who are 

interested to explore their ideas to others, where there is a 

necessitates the use of a software. Primarily websites are 

designed the interaction between the users who share the 

information on social media like facebook and twitter and this 

was a report published by OCLC provides definition of social 

networking as follows : 

Social networks provide a wide range of benefits to 

a members of organization and it also enhance informal 

learning and support many social connections within groups 

of learners who involved in the support of learning along with 

that it can help the development of communities of practice. 

There is a passive use of social networks can provide valuable 

business services. By using social networking we share the 

information and can easily access the information whenever 

needed and also provide benefits to the users by simplifying 

access to applications and to other tools. Is the common 

interface, interface and the service works may be familiar. 

The following are the examples of social networking 

A. Facebook:  

Facebook was one of the most Popular social networking site 

in the world. By using this people used to communicate with 

the people across the world and can easily access the 

information. Facebook was a platform which provides a 

framework for developers to create applications that interact 

with core facebook features launched in May 2007. 

B. My Space:  

My Space is also a one of the social networking site which 

allows the user to share photos, music, and videos and also 

user-submitted network of friends. 

C. Ning:  

It is one of the online platform which is used to create the 

social networks and social websites and here the social 

networks are aimed to the users who have specific interest or 

have limited technical skills. 

D. Twitter:   

It is one the social networking site and an example for the 

micro-blogging service, it can be used for the purpose of 

sharing information and also for providing support for ones 

peer. 

The above are some of the examples of social 

networking sites that omits popular sharing services like 

Flickr and YouTube. 

In variety of areas many institutions are exited with 

their potential by the popularity and ease of use of social 

networking services. Along with this popularity social 

networking site poses number of challenges for institutions 

like long term sustainability of the services, technical issues, 

legal issues like copyright, Accessbilility and privacy etc.,.  

Institutions are advised to consider the implications before 

promoting such type of networks. 

II. LITERATURE SURVEY 

A. Cloud based Social and Sensor Data Fusion 

AUTHORS:  S. R. Yerva, J. Hoyoung, and K. Aberer 

There is a need for fusing various types of data available in 

the cloud grows rapidly as the mobile computing facilitates 

wide spectrum of smart applications. In particular, social and 

sensor data lie at the core in such applications, but typically 

processed separately. This paper explores the potential of 

fusing social and sensor data in the cloud, presenting a 

practice - a travel recommendation system that offers the 

predicted mood information of people on when users wish to 

travel and where to travel. Using this scalable system, we 

performed heavy ETL as well as filtering jobs, resulting in 12 

million tweets over four months. By Using the data fusion we 

then derived a rich set of interesting findings, proving that our 

approach is scalable and effective which can serve as an 

important basis in sensor data in the cloud. 

B. Predicting Movie Sales from Blogger Sentiment 

AUTHORS: G. Mishne and N. Glance 

The volume of discussion about a product in weblogs has re- 

cently been shown to correlate with the product's financial 

performance. In this paper, we study whether applying senti- 



Emotion Recognition on Twitter using a Unison Model 

 (IJSRD/Vol. 7/Issue 03/2019/202) 

 

 All rights reserved by www.ijsrd.com 782 

ment analysis methods to weblog data results in better corre- 

lation than volume only, in the domain of movies. Our main 

finding is that positive sentiment is indeed a better predictor 

for movie success when applied to a limited context around 

references to the movie in weblogs, posted prior to its release. 

III. PROPOSED SYSTEM  

A neural network can also can be called as network of 

neurons that are organized in layers. The predictors (or 

inputs) form the bottom layer, and the forecasts (or outputs) 

form the top layer. Usually hidden neurons are present in the 

intermediate layers. 

The networks which contain no hidden layers are 

equivalent to the linear regressions. The coefficients attached 

to these predictors are called “weights”. Normally the 

forecasts are obtained by a linear combination of the inputs. 

By using the learning algorithm the weights are selected in 

the neural network framework which minimises a “cost 

function” such as the MSE. Of course, here, we can use linear 

regression which is a much more efficient method of training 

the model as an example. 

This is known as a multilayer feed-forward network, 

where each layer of nodes receives inputs from the previous 

layers. By using a weighted linear combination the outputs of 

the nodes in one layer are inputs to the next layer. The inputs 

to each node are combined. Before being output the result is 

then modified by a nonlinear function. For example, the 

inputs into hidden neuron jj  are combined linearly to 

givezj=bj+4∑i= 1wi, jxi.zj=bj+∑i=14wi,jxi.In the hidden 

layer, this is then modified using a nonlinear function such as 

a sigmoid,s(z)=11+e−z,s(z)=11+e−z,to give the input for the 

next layer. Thus making the network somewhat robust to 

outliers this tends to reduce the effect of extreme input values, 

Theparameters b1,b2,b3b1,b2,b3 and w1,1,…,w4,3

w1,1,…,w4,3 are “learned” from the data. The values of the 

weights are often restricted to prevent them from becoming 

too large. The parameter that restricts the weights is called as 

the “decay parameter”, and is often set to be equal to 0.1. 

The weights take random values to begin with, and 

these are then updated using the observed data. Consequently, 

there is an element of randomness in the predictions produced 

by a neural network. Therefore, the network is usually trained 

several times using different random starting points, and the 

results are averaged. The number of hidden layers, and the 

number of nodes in each hidden layer, must be specified in 

advance.  

A. Neural Network Auto regression 

With time series data, lagged values of the time series can 

be used as inputs to a neural network, just as we used lagged 

values in a linear auto regression model.  

 In this book, we only consider feed-forward 

networks with one hidden layer, and we use the notation 

NNAR(p,kp,k) to indicate there are pp lagged inputs 

and kk nodes in the hidden layer. For example, a 

NNAR(9,5) model is a neural network with the last nine 

observations (yt−1,yt−2,…,yt−9(yt−1,yt−2,…,yt−9) used as 

inputs for forecasting the output ytyt, and with five neurons 

in the hidden layer. A NNAR(p,0p,0) model is equivalent 

to an ARIMA(p,0,0p,0,0) model, but without the 

restrictions on the parameters to ensure stationarity. 

With seasonal data, it is useful to also add the last 

observed values from the same season as inputs. For 

example, an NNAR(3,1,2)1212 model has 

inputs yt−1yt−1, yt−2yt−2, yt−3yt−3 and yt−12yt−12, and 

two neurons in the hidden layer. More generally, an 

NNAR(p,P,kp,P,k)mm model has inputs 

(yt−1,yt−2,…,yt−p,yt−m,yt−2m,yt−Pm)(yt−1,yt−2,…,yt−p,

yt−m,yt−2m,yt−Pm) and kk neurons in the hidden layer. A 

NNAR(p,P,0p,P,0)mmmodel is equivalent to an 

ARIMA(p,0,0p,0,0)(PP,0,0)mm model but without the 

restrictions on the parameters that ensure stationarity.  

The nnetar() function fits an NNAR 

(p,P,kp,P,k)mm model. If the values of pp and PP are not 

specified, they are selected automatically. For non-seasonal 

time series, the default is the optimal number of lags 

(according to the AIC) for a linear AR(pp) model. For 

seasonal time series, the default values are P=1 

P=1 and pp is chosen from the optimal linear model fitted 

to the seasonally adjusted data. If kk is not specified, it is 

set to k=(p+P+1)/2k=(p+P+1)/2 (rounded to the nearest 

integer). 

Example: sunspots 

B. Prediction Intervals 

Unlike most of the methods considered in this book, neural 

networks are not based on a well-defined stochastic model, 

and so it is not straightforward to derive prediction intervals 

for the resultant forecasts. However, we can still compute 

prediction intervals using simulation where future sample 

paths are generated using bootstrapped residuals. 

The neural network fitted to the sunspot data can be writtenas 

yt=f(yt−1)+εtyt=f(yt−1)+εtwhere yt−1=(yt−1,yt−2,…,yt−10

)′yt−1=(yt−1,yt−2,…,yt−10)′ is a vector containing lagged 

values of the series, and ff is a neural network with 6 hidden 

nodes in a single layer. The error series {εt}{εt} is assumed 

to be homoscedastic (and possibly also normally distributed). 

 We can simulate future sample paths of this model 

iteratively, by randomly generating a value for εtεt, either 

from a normal distribution, or by resampling from the 

historical values. So if ε∗T+1εT+1∗is a random draw from 

the distribution of errors at time T+1T+1, 

theny∗T+1=f(yT)+ε∗T+1yT+1∗=f(yT)+εT+1∗is one 

possible draw from the forecast distribution for yT+1yT+1. 

Setting y∗T+1=(y∗T+1,yT,…,yT−6)′yT+1∗=(yT+1∗,yT,…,

yT−6)′, we can then repeat the process to 

gety∗T+2=f(y∗T+1)+ε∗T+2.yT+2∗=f(yT+1∗)+εT+2∗.In this 

way, we can iteratively simulate a future sample path. We 

build up knowledge of the distribution for all future values 

based on the fitted neural network, by repeatedly simulating 

sample paths 

 Here is a simulation of 9 possible future sample 

paths for the sunspot data. 

sim <- ts(matrix(0, nrow=30L, ncol=9L), 

  start=end(sunspotarea)[1L]+1L) 

for(i in seq(9)) 

  sim[,i] <- simulate(fit, nsim=30L) 

autoplot(sunspotarea) + autolayer(sim) 

sim <- ts(matrix(0, nrow=30L, ncol=9L), 

  start=end(sunspotarea)[1L]+1L) 
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for(i in seq(9)) 

  sim[,i] <- simulate(fit, nsim=30L) 

autoplot(sunspotarea) + autolayer(sim) 

IV. RESULT AND ANALYSIS 

The following are the result and analysis of this paper 

 
Fig. 1: Home page 

 
Fig. 2: Registration page 

 
Fig. 3: Login Page 

 
Fig. 4: Description 

 

 
Fig. 5: Content 

 
Fig. 6: Register for twitter 

 
Fig. 7: Admin Login 

 
Fig. 8: ADMIN HOMEPAGE 

 

 

 



Emotion Recognition on Twitter using a Unison Model 

 (IJSRD/Vol. 7/Issue 03/2019/202) 

 

 All rights reserved by www.ijsrd.com 784 

 
Fig. 9: User Details 

 
Fig. 10: Result 

V. CONCLUSION 

The central aim of the paper was to explore the use of deep 

learning for emotion detection. We created three large 

collections of tweets labeled with Ekman’s, Plutchik’s and 

POMS’s classifications of emotions. Recurrent neural 

networks indeed outperform the baseline set by the common 

bag-of-words models. Our experiments suggest that it is 

better to train RNNs on sequences of characters than on 

sequences of words. Beside more accurate results, such 

approach also requires no preprocessing or tokenization. We 

discovered that transfer capabilities of our models were poor, 

which led us to the development of single unison model able 

to predict all three emotion classifications at once. We 

showed that when training such model, instead of simply 

alternating over the data sets it is better to sample training 

instances weighted by the progress of training. We proposed 

an alternative training strategy that samples training instances 

based on the difference between train and validation accuracy 

and showed that it improves over alternating strategy. We 

confirmed that it is possible to train a single model for 

predicting all three emotion classifications whose 

performance is comparable to the three separate models. As a 

first study working on predicting POMS’s categories, we 

believe they are as predictable as Ekman’s and Plutchik’s. We 

also showed that searching for tweets containing POMS 

adjectives and later grouping them according to POMS factor 

structure yields a coherent data set whose labels can be 

predicted with the same accuracy as other classifications. 
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