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Abstract— In this paper we have to detect the stress based on 

social interaction using media like Facebook, tweeter etc.  We 

discover to manually detect individuals’ psychological stress 

via social media. Employing actual online micro-blog data, 

we first examine the correlation between users’ stress and 

their cheeping content, social engagement and behaviour 

patterns. In social Psychological stress is threatening people’s 

health. It’s non-trivial to sight stress timely for proactive care. 

With the popularity of social media, People sharing their 

daily work and interacting with friends on social media 

platforms, making it possible to leverage on-line social 

network information for stress detection. during this paper, 

we discover that users stress state is closely related to that of 

his/her friends in social media, and that we use a large-scale 

dataset from real-world social platforms to consistently  study 

the correlation of users’ stress states and social interactions. 

We have a tendency to first outline a group of stress-related 

matter, visual, and social attributes from varied aspects, then 

propose a completely unique hybrid model - and factor graph 

model combined with Convolutional Neural Network to 

leverage tweet content and social interaction data for stress 

detection. We have a tendency to additionally discover 

several intriguing phenomena, i.e. the quantity of social 

structures of distributed connections (i.e. with no delta 

connections) of stressed users is around 14 % more than that 

of non-stressed users, indicating that the social organisation 

of stressed users’ friends tend to be less connected and fewer 

difficult than that of non-stressed users. 

Key words: Social Media, Observation of Social Interaction 

for Stress Detection 

I. INTRODUCTION 

We have to Detecting Stress Based on Social Interactions , 

day to day life, more and more people are feeling stressed in 

line with a worldwide survey reportable by new business in 

2010, over half the population have experienced associate 

degree considerable rise in stress over the last 2 years. 

Although stress itself is non-clinical and customary in our 

life, excessive and chronic stress is rather harmful to people’s 

physical and psychological state. Thus, there's important 

importance to observe stress before it turns into severe issues. 

Ancient psychological stress detection is principally 

supported face-to face interviews, self-report questionnaires 

or wearable sensors. However, ancient ways are literally 

reactive, that square measure typically labour-consuming, 

time-costing and hysteretic. With the event of social networks 

like twitter and Sina Weibo additional and additional folks 

square measure willing to share their daily events and moods, 

and move with friends through the social networks. As these 

social media knowledge timely mirror users’ real-life states 

and emotions in an exceedingly timely manner, it offers new 

opportunities for representing, measuring, modelling, and 

mining user’s behaviour patterns through the large-scale 

social networks, and such social info will realize its 

theoretical basis in science analysis. Our work galvanized by 

psychological theories, we have a tendency to initial outline 

a collection of attributes for stress detection from tweet-level 

and user-level aspects respectively: 1) tweet-level attributes 

from content of user’s single tweet, and 2) user-level 

attributes from user’s weekly tweets. 

Psychological questionnaires usually contain a 

variety of queries designed by psychologists. Folks square 

measure typically unwilling to try to these questionnaires 

unless they need to. Physiological ways typically need skilled 

devices to live users’ physiological and organic chemistry 

properties and wish specialists to investigate the non-

inheritable knowledge. Thus, it's vital and helpful to seek out 

some way to observe user’s stress state faithfully, 

mechanically and non-invasively. According by 

psychological theories, we tend to 1st outline a group of 

identity for stress detection from tweet-level and user-level 

aspects respectively: tweet-level attributes from content of 

user’s single tweet, and user-level attributes from user’s 

weekly tweets. The tweet-level attributes square measure 

primarily composed of linguistic, visual, and social attention 

(i.e., being liked, re tweeted, or commented) attributes 

extracted from a single-tweet’s text, image, and a spotlight 

list. The user-level attributes but square measure composed 

of: posting behavior attributes as summarized from a user’s 

weekly tweet postings; and  social interaction attributes 

extracted from a user’s social interactions with friends. above 

all, the social interaction attributes will more be broken into: 

(social interaction content attributes extracted from the 

content of users’ social interactions with friends; and social 

interaction structure attributes extracted from the structures 

of users’ social interactions with friends. 

II. RELATED WORK 

A. Semantic Concept Discovery for Large-Scale Zero-Shot 

Event Detection 

We focus on detecting complex events in unconstrained 

Internet videos. While most existing works rely on the 

abundance of labeled training data, we consider a more 

difficult zero-shot setting where no training data is supplied. 

We first pre-train a number of concept classifiers using data 

from other Sources. Then we evaluate the semantic 

correlation of each concept w.r.t. the event of interest. After 

further refinement to take prediction inaccuracy and 

discriminative power into account, we apply the discovered 

concept classifiers on all test videos and obtain multiple score 

vectors. 

B. Modeling Paying Behavior in Game Social Networks 

employing  two  large  online  games  as  the  basis, we  study 

how  a  user  becomes  a  new  paying  user  in  the  games. In 

particular, we examine how users’ paying behavior 
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influences each other in the game social network. We study 

this problem from various sociological perspectives including 

strong/weak ties, social structural diversity and social 

influence.  Based on the discovered patterns, we propose a 

learning framework to predict potential new payers. The 

framework can learn a model using features associated with 

users and then use the social relationships between users to 

refine the learned model. 

C. Predicting Personality from Twitter 

In this paper, we present a method by which a user’s 

personality can be accurately predicted through the publicly 

available information on their Twitter profile. We will 

describe the type of data collected, our methods of analysis, 

and the machine learning techniques that allow us to 

successfully predict personality. We then discuss the 

implications this has for social media design, interface 

design, and broader domains. 

D. Learning robust uniform features for cross-media social 

data by using cross auto encoders 

In this study, our goal is to obtain robust features for cross- 

media social elements and simultaneously extract the uniform 

features for AS. The problem is non-trivial and poses a set of 

unique challenges. First, the elements are under a cross-

modality setting. They can contain more than one modality. 

Moreover, their modalities can differ from each other. How 

do you obtain the modality- invariant representations? 

Second, the elements in AS are created over time and in time-

series. Each of them has a specified con- text. How do you 

maximize the use of the time series and context information? 

Third, there are outliers among the elements of AS. 

Moreover, there are naturally occurring noise factors among 

the elements. 

We give the first proof-of-retrievability schemes 

with full proofs of security against arbitrary adversaries in the 

strongest model, that of Juels and Kaliski. Our first scheme, 

built from BLS signatures and secure in the random oracle 

model, features a proof-of-retrievability protocol in which the 

client’s query and server’s response are both extremely short. 

This scheme allows public verifiability: anyone can act as a 

verifier, not just the file owner. Our second scheme, which 

builds on pseudorandom functions (PRFs) and is secure in the 

standard model, allows only private verification. It features a 

proof-of-retrievability protocol with an even shorter server’s 

response than our first scheme, but the client’s query is long. 

Both schemes rely on homomorphic properties to aggregate a 

proof into one small authenticator value. 

III. EXISTING SYSTEM 

In Traditional psychological stress detection is especially 

supported face-to face interviews Self-report questionnaires 

or wearable sensors. However, ancient ways are literally 

reactive, that are sometimes labour-consuming, time-costing 

and hysteretic. Psychological stress is threatening people’s 

health. It’s non-trivial to find stress timely for proactive care. 

With the recognition of social media, individuals are wont to 

sharing their daily activities and interacting with friends on 

social media platforms, creating it possible to leverage on-

line social network information for stress detection however 

in existing system not divide post in line with stress. The 

previous system uses deep neural network (DNN) model to 

incorporate the two types of user-scope attributes to detect 

users’ psychological stress. We test the trained model on four 

different datasets from major micro-blog platforms including 

Sina Weibo, Tencent Weibo and Twitter. 

A. Disadvantages 

 Reactive, which are usually labour-consuming, time-

costing and hysteretic. 

 Existing system not divide tweets according to stress. 

IV. PROPOSE SYSTEM 

In the propose system we find that users stress state is 

closely associated with that of his/her friends in social 

media, and that we use a large-scale dataset from real-world 

social platforms to consistently study the correlation of users’ 

stress states and social interactions. We have a tendency 

to initial outline a collection of stress-related matter, visual, 

and social attributes from numerous aspects, then propose a 

completely unique hybrid model an element graph model 

combined with Convolutional Neural Network to leverage 

tweet content and social interaction data for stress detection.  

Experimental results show that the proposed model is 

effective and efficient on detecting psychological stress from 

micro-blog data. We believe our model would be useful in 

developing stress detection tools for mental health agencies 

and individuals. we present several in-depth studies on our 

dataset for further insights. Though some user level emotion 

detection studies have been done, the role that social 

relationships plays in one’s psychological stress states, and 

how we can incorporate such information into stress detection 

have not been examined yet .In this system we have to 

categorise  post in two type first type is positive post and 

another negative post. 

 
Fig. 1: System Architecture 

A. Advantages 

 Efficiently Detect stress from tweet 

 Performance of our system is better than existing. 

V. MATHEMATICAL MODEL 

System S as a whole can be defined with the following main 

components. 

 S= {I, O, P, s, e, U, Uf, Ad}; 

 S=System 

 U= user 

 Uf=Set of user friends 

 Ad=admin 

A. Input {I} = {Input1} 

Where, Input1=tweet 

B. Procedures {P} = {StDetect,Vtweet, Pretweet} 

Where, 

 StDetect=Stress detection 

 Vtweet=View tweet 
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 Pretweet=Post retweets 

C. Output {O} = {Output1} 

Where, 

Output1=detecting strees from tweet (Positive, negative, 

stress) 

 Initial State {s} = {initially system will be in a state 

where user are not enrolled, only admin of system. 

 Final State {e} = {users are enrolled and successfully 

link there tweeter account and view tweet with categories 

(Positive,negative,stress) ,and retweets on friends tweet 

and graphically analysis tweets  } 

VI. CONCLUSION 

We give a framework for investigating users’ psychological 

stress states from users’ weekly social media info, leverage 

tweets’ content moreover as users’ social interactions. 

Exploitation real-world social media info as a result of the 

premise, we tend to tend to studied the correlation between 

user’ psychological stress states and their social interaction 

behaviour to fully leverage every content and social 

interaction data of users’ tweets, we tend to tend to planned a 

hybrid model that mixes the problem graph model (FGM) 

with a convolutional neural network (CNN). During this 

work, we tend to conjointly discovered many intriguing 

phenomena of stress. we tend to found that the amount of 

social structures of thin affiliation (i.e. with no delta 

connections) of stressed of non-stressed users, representing 

that the social organization of stressed users’ friends tend to 

be less connected and fewer sophisticated than that of non-

stressed users. 
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