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ABSTRACT 

Mental stress is turning into a danger to individuals' wellbeing these days. With the fast pace of life, an ever-

increasing number of individuals are feeling stressed. It is difficult to recognize the client's stress at the 

beginning period to ensure the client. With the fame of electronic social networking, people are accustomed to 

sharing their step by step developments and interfacing with companions using online networking media stages. 

It makes conceivable to utilize online social network data for stress detection. Right now, propose a structure of 

recognizing clients' stress states is firmly identified with that of his/her companions in social media, and utilize 

enormous scope datasheets from certifiable social stages to deliberately examine the connection of clients' stress 

states and social interactions. We initially characterize a lot of stress-related printed, visual, and social properties 

from different angles, at that point convolutional neural networks (CNN) are utilized for subject extraction. 

Utilizing CNN we can perform feeling analysis of post after the arrangement of the theme. The commitment 

work is identifying clients who are stressed or not by utilizing the support vector method (SVM). Test results 

show that the proposed model can improve the detection execution. With the assistance of count, we assemble a 

site for the clients to recognize their stress rate level and can check other related exercises. 

Index Terms—Stress detection, factor graph model, micro-blog, social media, healthcare, social interaction. 

I. INTRODUCTION 

The progression of social networks like 

Twitter, Face book, and Sina Weibo2, an ever-

expanding number of individuals will share their 

regular occasions and states of mind and collaborate 

with companions through social networks. We 

initially find a lot of attributes for stress detection 

from the face book-level property and client level 

characteristics. Face book-level attributes from the 

substance of the client's single post, and client level 

attributes from the client's month to month posts.  

The face book-level attributes are primarily made out 

of etymological, visual, and social consideration (for 

example being enjoyed, remarked) attributes 

separated from a solitary 'post content, picture, and 

participation list. The client level attributes, in any 

case, are made out of: (a) posting conduct attributes 

as outlined from a client's month to month posting 

and (b) social interaction attributes removed from a 

client's social interactions with companions. 

Particularly, the social correspondence attributes can 

additionally be broken into (I) social interaction 

content attributes removed from the substance of 

clients' social interactions with companions; and (ii) 

social interaction structure attributes extricated from 

the structures of clients' social interaction with 

companions. Client level trait contains Linguistic, 

Visual, and Social. In Linguistic contain Positive and 

Negative Emotion Words, positive and negative 

feelings. The visual class contains a five-shading 

plan, warm shading, dull shading, splendor, 

immersion. The social class contains social 

consideration factors, for example, various remarks 

and likes. Along these lines the order of stressed or 

non-stressed clients by utilizing the support vector 

method. Because of the upside of both Face book 

post content attributes and social interactions to 

amplify stress detection. In the wake of getting stress 

level, utilizing k-closest neighbor calculation for the 

suggestion of the clinic on the guide for additional 

treatment just as an administrator can send letters of 

safeguards rundown to maintain a strategic distance 

from stress. This paper center around the fundamental 

methods for stress detection:  

1. In the current framework, it is difficult to 

recognize stressed and non-stressed clients because of 

the interaction of social networks. so we propose a 

framework for identifying client's mental stress states 
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from client's week by week social media data, 

utilizing post content just as the client's social 

interaction then we can discover client is stress or 

not.  

2. On the off chance that the client is stressed, at that 

point, we can suggest the emergency clinic on the 

guide which is found the closest good ways from the 

present area of the client.  

3. On the off chance that the client is non-stressed, at 

that point the administrator can send letters of 

insurance list for maintaining a strategic distance 

from stress.  

II. RELATED WORK 

 

Psychological stress detection is related to the topics 

of sentiment analysis and emotion detection. 

Research on tweet-level emotion detection in social 

networks. Computer-aided detection, analysis, and 

application of emotion, especially in social networks, 

have drawn much attention in recent years [8], [9], 

Relationships between psychological stress and 

personality traits can be an interesting issue to 

consider. For example, [1] providing evidence that 

daily stress can be reliably recognized based on 

behavioral metrics from users' mobile phone activity. 

Many studies on social media-based emotion analysis 

are at the tweet level, using text-based linguistic 

features and classic classification approaches. [53] 

Proposed a system called MoodLens to perform 

emotion analysis on the Chinese microblog platform 

Weibo, classifying the emotion categories into four 

types, i.e., angry, disgusting, joyful, and sad. [9] 

Studied the emotion propagation problem in social 

networks, and found that anger has a stronger 

correlation among different users than joy, indicating 

that negative emotions could spread more quickly 

and broadly in the network. As stress is mostly 

considered as a negative emotion, this conclusion can 

help us in combining the social influence of users for 

stress detection. However, these works mainly 

leverage the textual contents in social networks. In 

reality, data in social networks are usually composed 

of sequential and inter-connected items from diverse 

sources and modalities, making it are cross-media 

data. 

Research on user-level emotion detection in 

social networks. While tweet-level emotion 

detection reflects the instant emotion expressed in a 

single tweet, people’s emotional or psychological 

stress states are usually more enduring, changing over 

different periods. In recent years, extensive research 

starts to focus on user-level emotion detection in 

social networks. Our recent work [29] proposed to 

detect users' psychological stress states from social 

media by learning user-level presentation via a deep 

convolution network on sequential tweet series in a 

certain period. Motivated by the principle of 

homophily, incorporated social relationships to 

improve user-level sentiment analysis on Twitter. 

Though some user-level emotion detection studies 

have been done, the role that social relationships play 

in one’s psychological stress states, and how we can 

incorporate such information into stress detection 

have not been examined yet. 

Research on leveraging social interactions for 

social media analysis. Social interaction is one of the 

most important features of social media platforms. 

Now many researchers are focusing on leveraging 

social interaction information to help improve the 

effectiveness of social media analysis. [12] Analyzed 

the relationships between social interactions and 

users’ thinking and behaviors, and found out that 

Twitter-based interaction can trigger effectual 

cognitions. Leveraged comments on Flicker to help 

predict emotions expressed by images posted on 

Flicker. However, these work mainly focused on the 

content of social interactions, e.g., textual comment 

content, while ignoring the inherent structural 

information like how users are connected. 

III. METHODOLOGY  

 

Inspired by psychological theories, we first define a 

set of attributes for stress detection from tweet-level 

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

attributes from the content of user’s single tweet, 

and 2) user-level attributes from user’s weekly 

tweets. The tweet-level attributes are mainly 

composed of linguistic, visual, and social attention 

(i.e., being liked, retweeted, or commented) attributes 

extracted from a single tweet's text, image, and 

attendance list. The user-level attributes, however, are 

composed of: (a) posting behavior attributes as 

summarized from a user’s weekly tweet postings, and 

(b) social interaction attributes extracted from a 

user’s social interactions with friends. In particular, 

the social interaction attributes can further be broken 

into (i) social interaction content attributes extracted 

from the content of users’ social interactions with 
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friends; and (ii) social interaction structure attributes 

extracted from the structures of users’ social 

interactions with friends. 

To maximally leverage the user-level information 

as well as tweet-level content information, we 

propose a novel hybrid model of factor graph model 

combined with a convolution neural network (CNN). 

This is because CNN is capable of learning unified 

latent features from multiple modalities, and the 

factor graph model is good at modeling the 

correlations. The overall steps are as follows: 1) we 

first design a convolution neural network (CNN) with 

cross autoencoders (CAE) to generate user-level 

content attributes from tweet-level attributes; and 2) 

we define a partially-labeled factor graph (PFG) to 

combine user-level social inter-action attributes, user-

level posting behavior attributes and the learned user-

level content attributes for stress detection. 

We evaluate the proposed model as well as the 

contributions of different attributes on a real-world 

dataset from Sina Weibo. Experimental results show 

that by exploiting the users’ social interaction 

attributes, the proposed model can improve the 

detection performance (F1-score) by 6-9% over that 

of the state-of-art methods. This indicates that the 

proposed attributes can serve as good cues in tackling 

the data parity and ambiguity problem. Moreover, the 

proposed model can also efficiently combine tweet 

content and social interaction to enhance stress 

detection performance. 

We further conduct in-depth studies on a large-

scale dataset from Sina Weibo. Beyond user’s 

tweeting contents, We analyze the correlation of 

users’ stress states and their social interactions on the 

networks, and address the problem from the 

standpoints of (1) social interaction content, by 

investigating the content differences between stressed 

and non-stressed users’ social interactions; and (2) 

social interaction structure, by investigating the 

structural differences in terms of structural diversity, 

social influence, and strong/weak tie. Our 

investigation unveils some intriguing social 

phenomena. For example, we find that the number of 

social structures of sparse connection (i.e. with no 

delta connections4) of stressed users is around 14% 

higher than that of non-stressed users, indicating that 

the social structure of stressed users’ friends tends to 

be less connected and complicated, compared to that 

of non-stressed users. 

IV. PROPOSAL SYSTEM  

Two challenges exist in psychological stress 

detection. 1) How to extract user-level attributes from 

the user’s tweeting series and deal with the problem 

of the absence of modality in the tweets? 2) How to 

fully leverage social interaction, including interactive 

content and structure patterns, for stress detection? 

To tackle these challenges, we propose a novel 

hybrid model by combining a factor graph model 

with a convolutional neural network (CNN), since 

CNN is capable of learning unified latent features 

from multiple modalities, and the factor graph model 

is good at modeling the correlations. In this section, 

we will first introduce the architecture of our model, 

and then describe the details of each part of the 

proposed model.  

There are three types of information that we can use 

as the initial inputs, i.e., tweet-level attributes, user-

level posting behavior attributes, and user-level social 

interaction attributes, whose detailed computation 

will be described later. We address the solution 

through the following two key components: First, we 

design a CNN with cross autoencoders (CAE) to 

generate user-level interaction content attributes from 

tweet-level attributes. CNN is effective in learning 

stationary local attributes for series like images [3], 

[6], and audios. Then, we design a partially-labeled 

factor graph (PFG) to incorporate all three aspects of 

user-level attributes for user stress detection. The 

factor graph model has been widely used in social 

network modeling. [44]. It is effective in leveraging 

social correlations for different prediction tasks. The 

model consists of two parts. The first part is CNN. 

The second part is an FGM. The CNN will generate 

user-level content attributes by convolution with 

CAE filters as input to the FGM. Take the user 

labeled with a red star as an example. Tweet-level 

attributes of the user are processed through 

convolution with CAE to form the user-level content 

attributes. The user-level attributes are denoted by xti 

in the left box. Every xti contains three aspects: user-

level content attributes, user-level posting behavior 

attributes, and user-level social interaction attributes. 

Data of other users follow the same route. In the 

FGM, attribute factors connect user-level attributes to 

corresponding stress states. Social factors connect the 

stress state of different users. Dynamic factors 

connect the stress state of a user over time. The 

output of the user’s user-level stress state at time t is 
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yt1 as highlighted in red, which denotes the stress 

state of the user in the weekly period in this paper.  

Take the user labeled with a red star in Fig. 1 as an 

example. We extract attributes from each tweet of the 

user to form tweet-level attributes as shown in the 

cylinders. Different colors represent different 

modalities and blank (white color) rep-resents 

modalities that are not available in the tweet. The 

tweet-level attributes in the cylinder are fed to cross 

auto-encoders (CAEs). The CAEs are embedded in a 

CNN that will integrate attributes from CAEs into the 

aggregated user-level content attributes by pooling 

each attribute map. The user-level content attributes, 

user-level posting behavior attributes, and user-level 

social interaction attribute together form the user-

level attributes. 

 The user-level attributes of a user at time t are 

denoted by xti (i ¼ 1; 2; . . .) in Fig. 1. The route of 

the other users’ attributes in Fig. 1 is similar, which 

finally form their user-level attributes. We focus on 

the attribute flow of the user with a red star and omit 

the detailed route of other users’ attributes in the 

figure. The stress state of each user at time t is 

denoted by yti (i ¼ 1; 2; . . .), respectively. The user-

level attributes and the stress states are connected by 

an attributing factor, while stress states of different 

users are connected by social factors. Stress states of 

the same user at adjacent times are connected by 

dynamic factors. We define the graph as a (PFG). By 

calculating the factors, we can finally derive all users’ 

stress states over different weeks. In the following, 

we will describe the details of the CNN with CAE 

and PFG used in the architecture that tackles the 

tweet series with cropped modalities and leverages 

the social interaction information between users, 

respectively 

 
FIG: PROPOSAL FRAMEWORK 

 

Fig represents how to review all the dates, that are 

initially collected and how all the sentences are 

extracted using sentiments. After the extraction of 

sentences part-of-speech tagging is done to determine 

the sentences after the phrase is identified then the 

score has been computed for each sentiment with 

each of polarities has categorized and the result has 

been categorized. • We proposed a method in which 

we extracted tweets from twitter and categorize each 

of the data with different sentiments. • We can 

identify the structure of each of the tweets and class 

of each tweet. After classifying all of the tweets with 

each of the sentences it has been sentimental. • With 

the help of sentiment extraction it is easy to leverage 

each of the tweets so that it is easy to classify each of 

the stress rate levels. 

4 EXPERIMENTS  

i) Dataset collection  

Data collection is the process of gathering and 

measuring information on targeted variables in an 

established systematic fashion, which then enables 

one to answer relevant questions and evaluate 

outcomes. 

 ii) Pick the model Preparation starts with simple 

steps, like loading data, but quickly gets difficult with 

cleaning tasks that are very specific to the data you 

are working with. You need help as to where to begin 

and what order to work through the steps from raw 

data to data ready for modeling  

iii)KEY FEATURES:  

• How to load text data and clean it to remove 

punctuation and other non-words.  

• How to develop vocabulary, tailor it, and save it to 

file.  

• How to prepare movie reviews using cleaning and a 

predefined vocabulary and save them to new files 

ready for modeling  

• The goal for all data collection is to capture quality 

evidence that allows analysis to lead to the 

formulation of convincing and credible answers to 

the questions that have been posted. iii)Train the 

model Sentiment Analysis (SA) is an ongoing field of 

research in the text mining field. SA is the 

computational treatment of opinions, sentiments, and 

subjectivity of text.  

It tackles a comprehensive overview of the last 

update in this field. Many recently proposed 

algorithms' enhancements and various SA 

applications are investigated and presented briefly in 
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this survey. These are categorized according to their 

contributions to the various SA techniques. The 

related fields to SA (transfer learning, emotion 

detection, and building resources) that attracted 

researchers recently are discussed. The main target is 

to give a nearly full image of SA techniques and the 

related fields with brief details. 

 iv)Test the model  

Once you have created a sentiment model and its 

entries you can test it with any of the services that 

support sentiment analysis. The Build action is a way 

to ensure that the most recent version of the model is 

the one used by any of those services. 

 

CONCLUSION  

Mental stress is threatening people’s health. 

It is non-trivial to detect stress timely for proactive 

care. We introduced a system for identifying clients' 

mental stress states from clients' week after week 

social media data, utilizing tweets' substance just as 

clients' social interactions. Employing real-world 

social media data as the basis, we studied the 

correlation between users’ psychological stress states 

and their social interaction behaviors. To fully 

leverage both content and social interaction 

information of users’ tweets, we proposed a hybrid 

model that combines the CAE with a convolutional 

neural network (CNN). Utilizing true social media 

data as the premise, we considered the connection 

between's clients' mental stress states and their social 

interaction practices. Right now, likewise found a 

few interesting wonders of stress. 
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