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Abstract—The health problems that would arise are 

identified. Stress a non-clinical condition of a person that 

changes with his/her environments. Its an emotional response 

of every person. Stress can cause good as well as bad effects 

on every users. Today’s stress shows its negative effect on 

everyone. Every person is stressed, so the need to reduce or 

identify the stress is vital part. Social networks influences 

each and every one today. The best way that people relaxes is 

by using social networks. They find new friends, 

communicate with them, share their emotions also. A users 

mood condition can be easily determined by monitoring his 

profile. A hybrid model that combines the CNN and FGM is 

used to determine the stress state of users. By determining the 

stress levels, prediction of the health problems that would 

arise are identified. 
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I. INTRODUCTION 

Stress a non clinical condition of a person that changes with 

his/her environments. Stress has nowadays become a major 

threat everyone’s health. The changing rapid pace of life, 

most of the people are feeling stressed. The worldwide survey 

reports by New business in 2010, says over half of the 

population had experienced a rise in stress over the past two 

years. Stress itself is non-clinical and common in life, 

excessive and chronic stress is rather harmful to peoples 

physical and mental health. There is a significant importance 

to detect stress before it turns onto severe problems. 

According to the existing research methods, long-term stress 

is found to be related to many diseases, e.g., clinical 

depressions, insomnia etc.. Also the works of Chinese Center 

for Disease Control and Prevention, suicide had become the 

major cause of death among Chinese teenagers, and excessive 

stress is a major factor of suicide. All these reveal the rapid 

increase in stress have been become a great challenge to 

human health and life quality. Traditional psychological 

stress detection methods are mainly based on face-to face 

interviews, self-report questionnaires or wearable sensors. 

However, these methods are reactive, but are labor 

consuming, time-costing and hysteretic. So the need of a 

timely and proactive method for stress detection was to be 

implemented. The rise of social interaction network had made 

tremendous changes to the peoples life. The life style of 

everyone has changed. People spend a large amount of time 

in this social media. They make friends, share their ideas, 

happy moments and also their feelings. So by testing the posts 

and interaction of every users the state of his mood contagion 

can be easily identified. The proposed method uses a Factor 

graph model combining with CNN to check the stressed and 

non stressed users and thereby predict their health issues 

caused by increased stress. The development of social 

networks like Twitter and Sina Weibo, most of the people are 

willing to share their daily events and moods contagion, and 

interact with friends through these social networks. These 

social media data timely and proactively, reflect users real life 

states and emotions in a timely manner, it offers new and new 

opportunities for representing, measuring, modeling, and 

mining users behavior patterns through the large-scale social 

networks, and these social information find theoretical basis 

in psychology research. According to studies shows that 

stressed users are more likely to be socially less active. More 

recent studies reveals, that there have been research efforts on 

harnessing social media data for developing mental and 

physical healthcare tools also. Twitter data for real-time 

disease surveillance and while other related methods tried to 

bridge the vocabulary gaps between health seekers and 

providers using the community generated health data.  

II. EXISTING SYSTEMS 

Research has proven that stress reduces quality of life and 

causes many diseases. For this reason, several researchers 

devised stress detection systems based on physiological 

parameters. However, these systems require that obtrusive 

sensors are continuously carried by the user. An alternative 

approach providing evidence that daily stress can be reliably 

recognized based on behavioral metrics, derived from the 

user’s mobile phone activity and from additional indicators, 

such as the weather conditions (data pertaining to transitory 

properties of the environment) and the personality traits (data 

concerning permanent dispositions of individuals). Andrey 

Bogomolov [1] proposed the automatic recognition of daily 

stress as a binary classification problem (”not stressed” vs. 

”stressed”), with labels 0 for ”not stressed” and label 1 for 

”stressed”. The two classes included all the cases with scores 

≤ 4 and scores > 4, respectively. The sizes of the resulting two 

classes are 36.16% for” stressed” and 63.84% for”not 

stressed”. The inclusion of the cases with stress4 in ¯ the 0 

class meant to provide a more clear-cut distinction between 

the”stressed” and the”non stressed cases. Jennifer Golbeck 

[2] proposed a user’s Big Five personality traits can be 

predicted from the public information they share on Twitter. 

They created a Twitter application with two functions. First, 

it administered a 45-question version of the Big Five 

Personality Inventory to users. Subjects would take the test 

and for each, they collected the most recent 2,000 tweets from 

the user (or all tweets if they had less than 2,000).They had 

fifty subjects who were recruited through posts on Twitter, 

Facebook, and relevant mailing lists. Twitter does not collect 

or release demographic information about its users and, since 

they would have no general baseline for comparison, they did 

not collect it for their subjects. Hans-Andrea Loeliger[3] 

proposed an introduction to factor graphs and the associated 

summary propagation algorithms, which operate by passing 

messages (summaries) along the edges of the graph. The 

origins of factor graphs lie in coding theory, but they offer an 
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attractive notation for a wide variety of signal processing 

problems. In particular, a large number of practical 

algorithms for a wide variety of detection and estimation 

problems can be derived as summary propagation algorithms. 

The algorithms derived in this way often include the best 

previously known algorithms as special cases or as obvious 

approximations. The factors are sometimes called local 

functions, and their product is called the global function .The 

global function is f , and f1, f2, f3 are the local functions. In 

machine learning, a convolution neural network (CNN, or 

ConvNet) is a class of deep, feed-forward artificial neural 

networks that has successfully been applied to analyzing 

visual imagery. CNNs use a variation of multilayer 

perceptrons designed to require minimal preprocessing. They 

are also known as shift invariant or space invariant artificial 

neural networks (SIANN), based on their shared-weights 

architecture and translation invariance characteristics. 

Convolutional networks were inspired by biological 

processes in that the connectivity pattern between neurons 

resembles the organization of the animal visual cortex. 

Individual cortical neurons respond to stimuli only in a 

restricted region of the visual field known as the receptive 

field. The receptive fields of different neurons partially 

overlap such that they cover the entire visual field. CNNs use 

relatively little pre-processing compared to other image 

classification algorithms. This means that the network learns 

the filters that in traditional algorithms were hand-

engineered. This independence from prior knowledge and 

human effort in feature design is a major advantage. 

Hierarchical architecture designed for image recognition, 

loosely inspired from biology. Introduced by Fukushima and 

refined by LeCun Riesenhuber, Simard, Behnke. The main 

advantages of CNN uses the neighboring information 

(preserves the 2D information),shared weights, fully 

supervised, with randomly initialized filters, trained 

minimizing the misclassification error, flexible architecture. 

A popular message passing algorithm on factor graphs is the 

sum-product algorithm, which efficiently computes all the 

marginal of the individual variables of the function. 

Convolutional layers apply a convolution operation to the 

input, passing the result to the next layer. Zhao et al. [13] 

proposed a system named MoodLens that perform emotion 

analysis based on the Chinese micro-blog platform Weibo, 

classifying the emotional categories into four types, i.e., 

angry, disgusting, joyful, and sad. Fan et al. [9] also studied 

the emotion propagation problem on the social networks, and 

he found that anger emotion has a stronger correlation among 

all different users than joy, indicating that negative emotions 

could spread more quickly and broadly in the network. Even 

stress is mostly considered as the negative emotion, they 

concluded it can help them in combining the social influence 

of users for stress detection.   

III. METHODOLOGY  

The method uses a hybrid model combining CNN and CAE 

for better results. Convolution Neural Network is deep feed 

forward learning method. The inputs to the CNN are tweet 

level attributes that contain the users tweets. Tweet-level 

attributes contain the linguistic and visual content, as well as 

social attention factors (being liked, commented, and re 

tweeted) of a single tweet.  

A. Data Collection 

Data collected from existing social network is also taken in 

it. Also the data from a created social network is taken. 

Tweet-level attributes contain the linguistic and visual 

content, as well as social attention factors (being liked, 

commented, and re tweeted) of a single tweet. For linguistic 

attributes, most commonly used linguistic features in 

sentiment analysis research. For visual attributes, use API 

from OpenCV7 to perform picture processing and color-

related attributes computation, e.g., saturation, brightness, 

warm/cool color, clear/dull color. The resultant user level 

attributes are classified into posting attributes and interaction 

attributes. The tweet-level attributes extracted of a single 

tweet, user-level attributes are extracted from a list of users 

tweets in a specific period of time. One week is taken as the 

sampling period. 

B. Data Extraction 

In this process, the collected data is classified into relevant 

and non  relevant. For the training phase on the relevant data 

is taken. In classifying the data the opinion mining method is 

used. There are two types of classifying categories as positive 

and negative data. The positive data include positive words 

as happy, relaxed, non stressed, free etc. The negative data 

includes sad, stressed, worried, boring etc. In extracted data 

smiley’s that represent happy stages are also taken. 

Punctuations are also classified based on various usage by 

users. The collected data is larger in number so need a 

mechanism to categories the data into needed and unneeded. 

C. Training the Dataset 

1) CNN with CAE 

In this design, the extracted dataset containing the user level 

attributes. To aggregate user-level attributes, there are two 

major challenges: (1) Missing modality, e.g., tweets that has 

only text but no picture AND (2) How to generate a 

distributed and modality-invariant representation for each 

tweets of users. The use of cross auto encoder (CAE) enables 

to learn the modality invariant representation of each single 

tweet with different modalities. Denoting the text, visual, and 

social attributes of a tweet by different formulaes. CAE helps 

to reconstruct missing modalities in the training stage and to 

learn cross modalities correlation from the dataset collected. 

When training the cross auto-encoder, training data is used 

that contains all the three modalities. By manually disable the 

visual modalities and/or social interaction modality of the 

training data, and it requires to reconstruct all three 

modalities. Stochastic gradient descent to train the CAE. An 

auto encoder is an artificial neural network used for 

unsupervised learning of efficient codings. The aim of an auto 

encoder is to learn a representation (encoding) for a set of 

data, typically for the purpose of dimensionality reduction. 

Recently, the auto encoder concept has become more widely 

used for learning generative models of data. Some of the most 

powerful AI in the 2010s involves stacking sparse auto 

encoders in a deep learning network. An auto encoder learns 

to compress data from the input layer into a short code, and 

then uncompress that code into something that closely 
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matches the original data. This forces the auto encoder to 

engage in dimensionality reduction, for example by learning 

how to ignore noise. Some architectures use stacked sparse 

auto encoder layers for image recognition. The first auto 

encoder might learn to encode easy features like corners, the 

second to analyze the first layer’s output and then encode less 

local features like the tip of a nose, the third might encode a 

whole nose, etc., until the final auto encoder encodes the 

whole image into a code that matches (for example) the 

concept of ”cat”.[5] An alternative use is as a generative 

model: for example, if a system is manually fed the codes it 

has learned for ”cat” and ”flying”, it may attempt to generate 

an image of a flying cat, even if it has never seen a flying cat 

before. The first term measures the reconstruction accuracy. 

All the attributes of tweets in the time series forms a one-

Dimensional series. A 1-Dimension CNN is used in our 

model. CAE units are listed in the attribute maps of the CNN. 

They helps to connect to a patch of instances. CAE units take 

patches with missing modalities and generate modality-

invariant attribute maps. The CAE units used as filters in the 

1-D CNN and then convolute over the sequence of tweets to 

form one feature map. Therefore the latent user-level content 

attributes is generated from the tweet-level attributes of single 

tweets. Pooling is also important step to summarize attribute 

maps into fewer attribute instances. Though many users have 

different number of tweets in different weeks, the period of 

time over which the tweets are sampled is same. Separately 

pool each attribute map into one pooled attribute. Two 

commonly used pooling operations: max-pooling and mean-

pooling. When max pooling is used, the pooled attribute unit 

is assigned with the maximal activation among most units in 

the attribute map. When mean pooling constructed, the mean 

of activations of all units in the attribute map is assigned to 

the pooled attribute unit. Pooling over the period of time 

rather than a certain number of tweets, use mean-over-time 

(MOT). 

2) Factor Graph 

PGM provide a graphical representation of the stressed and 

non stressed users based on the attributes. The extracted 

results from the PFG is used to predict the health problem 

based on the percentage of stress. The attributes that are 

inputs to the partial graph model is attribute factor, social 

factor and dynamic factor. Attribute factor takes into 

consideration the users stress state at time t. Dynamic factor 

takes into consideration the users stress state at time t and 

t+1.Social factor contains the users stress state with his 

interacting friends. The strong/weak tie attributes are also 

considered. In strong tie the interaction value is set to 5,if the 

interaction value exceeds 5 or at 5 its a strong attribute or a 

weak attribute. A factor graph is a bipartite graph 

representing the factorization of a function. In probability 

theory and its applications, factor graphs are used to represent 

factorization of a probability distribution function, enabling 

efficient computations, such as the computation of marginal 

distributions through the sum-product algorithm. One of the 

important success stories of factor graphs and the sum-

product algorithm is the decoding of capacity-approaching 

error-correcting codes, such as LDPC and turbo codes. Factor 

graphs generalize constraint graphs. A factor whose value is 

either 0 or 1 is called a constraint. A constraint graph is a 

factor graph where all factors are constraints. The max-

product algorithm for factor graphs can be viewed as a 

generalization of the arc-consistency algorithm for constraint 

processing. A popular message passing algorithm on factor 

graphs is the sum-product algorithm, which efficiently 

computes all the marginal of the individual variables of the 

function. A popular message passing algorithm on factor 

graphs is the sum-product algorithm, which efficiently 

computes all the marginal of the individual variables of the 

function. 

D. Stress Level Detection 

The FGM provides the stress state of each user based on the 

attributes provided. The stress is separated as different levels. 

The maximum level taken as 10. 

The prediction is done based on 3 stress levels.  

1) Acute Stress:  

A person witnessing any traumatic or threating condition in 

his or her life. These people show the tendency to recreate the 

incident in their own life or they will be afraid that whether 

that incident will takes place in their life also. Acute stress 

when not treated in early stages may leads to sever condition 

called episodic stress.  

2) Chronic Stress: 

Every human has experienced Chronic stress in their life. 

Chronic stress is the emotional response of person towards a 

situation. At sever condition it may leads to depression. 

3) Episodic Stress:  

Sever condition of the acute stress, it lacks the concentration 

of person. At most cases it leads to suicide also. 

 
Fig. 1: Stress Detection based on different attributes 

 
Fig. 2: Stress levels of random users. 
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Fig. 3: Prediction Table of types of stress 

E. Experimental Setup 

The experiments of this work is performed using an 

Intel(R)Core(TM)i5 4300U CPU and a memory size of 1 TB. 

The VISUAL STUDIO 2012 software suite was used to train 

the datasets. Generally speaking, the training requires five 

hours for training and 8 to 10 seconds for predicting the health 

issues for a 10,000. Experiments were conducted on the 

dataset from Twitter database. The Database containing 

80,000 tweet level attributes. They were classified into 

60,000 as relevant datasets. From there relevant data set only 

600 users were chosen to check the proposed method. 

 
Fig. 4: Performance Comparison with Existing Systems. 

IV. CONCLUSION 

In this framework, detecting users psychological stress states 

from users weekly social media data contents, leverage tweets 

content as well as users social interactions. By taking the real-

world social media (Twitter) data as the basis, studied the 

correlation between user psychological stress states and their 

social interaction behaviors. For fully leverage both content 

and social interaction information of each users tweets, a 

hybrid model was implemented that which combines the 

factor graph model (FGM) with a convolution neural network 

(CNN).The resultant stress levels were taken to predict the 

users health problems that can cause in near future. In future 

the implemented system can be used to intake images and 

videos also as a references to check the stress state of each  
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