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Abstract. Online social networks play an important role for sharing the 

emotion between users. It has become increasingly prevalent in various 

applications, including personalized ad services and recommendation 

systems. However, the traditional approach to emotion analysis has 

focused exclusively on sentence-level polarity, ignoring the information 

that multiple emotions can coexist in users' minds. In this study, it provides 

deals with the problem of multiple emotions from the user's view, which 

formulates a multi-label learning problem. Through analysis of an 

annotated Twitter dataset, we identify correlations between emotion labels, 

social correlations, and temporal correlations. Based on the findings from 

the state of art techniques a factor graph-based emotion recognition model 

that incorporates social, temporal, and social correlations with emotion 

labels. Our model utilizes a multi-label learning strategy and can detect 

multiple emotions more accurately than existing baselines. Overall, our 

study provides a novel approach to emotion detection in OSNs, with 

potential applications in personalized services and recommendation 

systems 

1 Introduction  

An online social network has given people unprecedented access to large amounts of data 

about human behavior [1]. This data can be used to gain insights into how people interact 

with each other and how they express their emotions online. This work provides a 

comprehensive study on human behavior analysis in online social networks using the label 

algorithm. The various researches on human behaviour analysis in online social networks 

have utilized various techniques to analyze social media data [2]. One common technique is 

sentiment analysis, which involves the automated classification of text data based on the 
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sentiment expressed in the text. Sentiment analysis can be used to identify positive or 

negative sentiments expressed in social media posts, but it is limited in its ability to capture 

the complexity of human emotions. Another technique used in previous research is topic 

modelling, which involves the identification of topics or themes in social media data. Topic 

modelling can be used to identify the most frequently discussed topics or themes on social 

media networks, but it does not capture the emotional content of the data. In recent years, 

machine learning techniques such as the label algorithm have emerged as a powerful tool 

for analyzing human behaviour in online social networks [3]. The label algorithm can be 

used to classify social media data based on predefined categories or labels, such as emotion 

labels. This approach allows for a more nuanced analysis of human behaviour on social 

media networks, as it can capture the emotional content of the data and provide insights 

into the factors that influence people's emotions [4]. Our paper builds on previous research 

by using the label algorithm to analyze an annotated Twitter dataset. We use this technique 

to investigate the factors that affect people's emotions in online social networks, and we 

compare our findings to previous research that used other techniques such as sentiment 

analysis and topic modelling [5]. By utilizing the label algorithm, we are able to provide a 

more comprehensive analysis of human behaviour on social media networks and to gain 

deeper insights into the factors that influence people's emotions. We focus our study on 

Twitter, a popular micro blogging platform with millions of active users. To conduct our 

analysis, we use an annotated Twitter dataset, which contains tweets that have been labeled 

with emotion categories such as joy, anger, sadness, and fear [6]. The label algorithm is 

applied to this dataset to automatically classify tweets based on their emotion labels. Our 

study aims to investigate online social network and their factors that affect people's 

emotions. To achieve this, the analysis on the emotion labels and social factors are 

correlated, such as the number of followers and temporal factors using the time of day and 

day of the week. Our analysis reveals three significant correlations. First, we find a strong 

correlation between emotion labels and social factors [7]. Specifically, we observe that 

people with more followers incline to express further positive comments and their emotions 

to the people with further followers tend to express additional negative emotions. Second, 

we find a correlation between social factors and temporal factors. We observe that people 

tend to express more positive emotions during the weekend and in the evening [8]. Third, 

we find a correlation between emotion labels and temporal factors. Specifically, we observe 

that people tend to express more positive emotions in the morning and in the evening, while 

negative emotions are more prevalent during the afternoon. Overall, our study provides 

valuable insights into the factors that affect people's emotions in online social networks. 

Using the label algorithm with the annotated dataset from social media such as Twitter, are 

investigated with the relationships between emotion labels, social factors, and temporal 

factors [9,10]. Our findings have implications for understanding human behaviour in online 

social networks and for developing algorithms that can predict and influence people's 

emotions. 

2 LITERATURE SURVEY 

Sentiment analysis and emotion estimation are typically used to predict the emotions and 

behaviour of the user. Sentiment analysis is considered a fine-grained analysis of opinions 

and can include more categories than just polarity prediction. In traditional human social 

networks, emotion contagion can occur, can vary from one person to another based on 

clinical trials. The dataset related from traditional human social networks is limited 

compared to the vast amount of data available on online social media platforms such as 

Facebook and Twitter, which provides more opportunities for researchers to analyze. 

Various approaches have been proposed for sentiment analysis in online social networks. 
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The noise-aware classification framework proposed by Flickr. Zhan et al. is used for crowd 

source sentiment recognition with Online Social Network datasets. However, the current 

system has some limitations, including the lack of fine-grained opinion analysis and not 

addressing the issue of multiple sentiment detection in Online Social Network.   

2.1 Proposed work 

The proposed framework utilizes a variable chart-based model to address the issue of multi-

emotion recognition by taking into account various factors such as emotional relationships, 

social connections, and transient relationships. The variable chart model considers all 

variables, including observed text-based factors and hidden name factors, as nodes in a 

chart with edges representing the connections between factors, also known as factor 

capability. The proposed system is used to enhance accuracy of emotion detection. The 

proposed system results provide higher accuracy compared with the state-of-the-art 

algorithms. The correlations are higher in between emotion labels, social relationships, and 

temporal correlations which are generated by the proposed work. The features correlations 

are used as values in the various emotions detection in Online Social Network. The 

proposed system provides unified framework for emotion detection based on a factor graph 

to integrate the emotion features. The main advantages of the multi-label learning approach 

includes an efficient design address the problem of various emotions and their detection 

process with social correlation which implies that neighbouring users to have similar 

emotions. The AI based approach utilized characterization/relapse calculations to deduce 

feelings and regarded feeling location as a forecast issue. By considering social relations, 

Hu et al., for example, anticipated the extremity perspectives of tweet texts. The 

accompanying variables, in any case, were not considered by the current calculations for 

feeling recognizable proof in web-based online entertainment. A client's personal state can't 

be uncovered in a period since feeling identification is frequently deduced at the sentence 

level. For example, a client may all the while distribute many Tweets with various 

temperaments. Subsequently, a careful assessment of client level feelings is required. 

Second, current philosophies fundamentally center on sorting a solitary inclination, 

disregarding the co-occurrence of various feelings throughout the span of a timeframe. As 

indicated by our perceptions, clients as often as possible express various feelings inside a 

solitary period, and a few feelings might try and coincide inside a solitary explanation or 

tweet. Table I, for example, shows a few instances of tweets with a few feelings, which 

strays essentially from the supposition of the standard single feeling characterization. For 

example, "Blissful" and "Shock" may co-happen in a solitary tweet. In light of the 

previously mentioned discoveries, we view the feeling acknowledgment in internet based 

online entertainment as a few stage processes. The model will be trained using the train file, 

which means that our model will learn from it. Together with the target variable, it includes 

all the independent variables. Considering the previously mentioned discoveries, we limit 

the approved authorized utilization of feeling identification in web-based virtual 

entertainment to the College of Canberra. Tweets Sentiments Yet, I'm more excited to see 

my buddies who migrated to Britain 2.5 quite a while back! satisfied, shocked lost tests! I 

loathe homework! I loathe doing test prep! I essentially despise school! Conversing with 

Mouse on MSN with pity, outrage, and disdain! It's incredible that we can in any case 

convey in spite of the time region distinction. The grouping of Happy and Shock feelings 

presents a test, and in fact, the single feeling procedures as of now being used are deficient 

to address this issue. Furthermore, supposedly, there hasn't been a ton of work done on 

different feeling distinguishing proof in OSNs. To settle the issue of different feelings 

acknowledgment in Online Social Network which is  displayed in Fig. 1, that completely 

extract  three level of attributes for feeling location: the literary elements (the feelings 
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uncovered in his tweets), the worldly highlights (e.g., a singular's inclination could be 

associated to his past inclination states), and the social logical elements (e.g., a singular's 

inclination might be affected by his companions on friendly networks).The six key close to 

home classifications of bliss, shock, outrage, disdain, repugnance, trouble, and dread are at 

first communicated utilizing the Ekman's inclination model [8]. Besides, utilizing an 

explained Twitter dataset, we deliberately and totally explore the components that influence 

individuals' feelings. We track down three critical connections: the relationship between 

feeling names and social factors, the connection between friendly variables and transient 

elements. Without a doubt, the inclination mark relationship demonstrates that some 

inclination matches, as blissful and shock, are bound to coincide in a circumstance than 

other inclination name matches, as cheerful and fear. As per the social relationship, OSN 

clients who live nearby are bound to encounter comparative feelings. To wrap things up, 

the fleeting connection signifies that a client's ongoing feelings are profoundly 

corresponded with those from the past. Then, for the multi-feeling recognition issue, we 

completely present inclination name relationship, social connection, and worldly 

connection utilizing an element chart based model. The component diagram, otherwise 

called an element capability, treats every variable, including stowed away name factors and 

noticed literary component factors, as a hub in a chart, with the edges meaning connections 

between factors. This strategy can be utilized to normally address fleeting connection, 

social relationship, and feeling name relationship. Then, at that point, by expanding the 

joint likelihood of the component works, a multi-name learning method is proposed. That's 

what the exploratory examination exhibits, across a scope of boundaries, our proposed 

approach beats state of the art calculations. 

 

 

 

 

 

 

Table 1: Sample Tweets with emotion 

2.2 Working of the proposed system 

Different models have been set up by specialists to portray feelings or temperaments. 

Estimations of the negative and beneficial outcomes of different viewpoints on the PANAS 

model were made utilizing an agenda with in excess of 20 things [6]. The liveliness aspect 

and the happiness aspect of a two-layered circumflex were utilized in the Circumflex 

temperament model to address the inclination state. The liveliness aspect estimated a 

client's penchant to act, though the satisfaction aspect measured the power of their feelings, 

Tweets Emotions  

"Just found out that I got the job I've been 

dreaming of for months! I'm absolutely 

thrilled and can't wait to start my new 

journey! 😍😮 #Happy #Surprise" 

Happy, 

Surprise 

"I can't believe how people can be so cruel 

and selfish. The world can be such a 

terrible place sometimes. #Sad #Anger 

#Disgust" 

Sad, Anger, 

Disgust 

"Just found out I got accepted into my 

dream school! I can't believe it, all the hard 

work has paid off! #happy #surprise" 

Happy, 

Surprise 
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both great and terrible. The discrete classification model [8][which is based on various 

classifications, can likewise be utilized to portray the inclination. The Ekman model's six 

major classifications — cheerful, miserable, amazed, appalled, furious, and dread — are 

among the most broadly utilized models [8]. Specifically, the Ekman model, which allows 

for the coexistence of multiple emotions, is simple and logical to typical users. As a result, 

the Ekman's emotion model was widely used in various literary works and it is also used in 

our study to detect emotions in OSNs. Frequently, feeling identification is seen as a fine-

grained type of opinion investigation. Contrasted with opinion examination for extremity 

expectation, feeling investigation can cover a more extensive scope of classes. The 

proposed system is stated the social network graph as  E) (V, =G denoted in Online Social 

Networks, with dataset of Twitter. In this variable  denotes users and states 

the user’s relationships. The specific user I ∈ V, and their tweets with the different time 

interval t are represented as a set S. The text-based feature vector Zt is created from S, and 

the goal is to map Zt for various and different emotion which is given as vector Xt  in tth  

time interval. The equation is given as 

 .Xt   )Xt , Zt E1), (V, =(G  :f   

Here, Xt is given as vector for multi-dimensional, which provides "0" or "1".  

2.3 Experimental results 

The proposed method performance is checked with Twitter dataset. The Twitter API tool 

and snowball crawling technique are used to collect the tweet data from 20 users initially. 

To ensure the quality of text-based features, the dataset is pre-processed as follows. 

Retweeted tweets are removed because they may not represent the users' own perspectives. 

The Lang Detect public tool is used to remove non-English tweets from the dataset due to 

the limited number of words in tweets and the existence of much noise. For the clarification 

process, 100 active users are randomly selected from the original dataset to induce 

individuals' emotions. "Active users" are defined as those who regularly publish tweets. 

The 100 individuals collectively published 16,424 tweets. Each person has published tweets 

for an average of 56 days. Finally, 15 student volunteers are recruited to assist with the 

explanation process. Members needed to see a pre-arranged PowerPoint that the review 

group had made toward the beginning that made sense of the targets of the review's 

examination and the wellbeing measures for the comments. Subsequent to giving the 

workers some fundamental preparation, we ensure they completely grasp the explanation 

interaction prior to permitting them to explain the tweets all alone. Around 1000 tweets will 

be arbitrarily appointed to each worker for explanation; the discoveries act as the gauge for 

model learning and execution appraisal.  
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Figure 1. The numerical characteristics of emotion labels. 

 

 
 

Figure 2. Emotion labels mapping Correlation 
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Figure 3 cumulative distribution functions. 

 
    Figure 4 Jaccard similarity index 

 
Few observable facts in the wake of explaining the Twitter dataset, which are addressed as 

follows: different marks for feelings. We explore the dissemination of feeling marks found 

in Fig. 2. The graph shows that 54% of examples just showcase one sort of feeling, while 

28% and 18% of cases show at least two kinds of feelings, separately. That is, around half 

of occasions have a few feelings, which upholds our contention that OSNs ought to have 

different names for their feelings. association of feeling names. In Fig. 3, where a more 

obscure tint demonstrates a higher recurrence of concurrence, we present the level of events 

that contain two existing together emotions. According to this diagram, some feeling 

pairings, like despairing and loathing, misery and fury, and bliss and shock, can co-happen 

experiencing the same thing much of the time while different mixes coincide less regularly. 

All things considered, a few mixes, like shock and fear and bliss and dread, scarcely at any 

point happen together. Accordingly, there are tremendous contrasts in the associations 

between different inclination matches. a social association. Sociologists have found as of 

late that feelings like joy [9] and surrender [2,6] can spread all through the human informal 

organization. This suggests that a client's sentiments might be influenced by their social 

ecological components, which is implied in our work as well disposed correlation. The 

               
 

 

 

, 03011 (2024)E3S Web of Conferences https://doi.org/10.1051/e3sconf/202449103011 491
ICECS'24

7

RETRACTED



contrast the social connection between client organizes that followed each other with client 

pairings that were heedlessly picked. Concerning the composing [1,9], degree of undefined 

opinions is given as in which Xt implies the singular I's engraving set at time span t, hints 

the matched limit, which has respect 1 expecting the name set Xt I and Xt j have some place 

close to one same sort of feeling and N proposes how much out and out occasions. 

 
  

 
Multi-name learning procedure for various feelings distinguishing proof in view of the 

previously mentioned examination, which coordinates the inclination marks connection, 

social relationship, and worldly connection into the brought together component chart 

model [1,7]. Each factor is viewed by factor chart models as a solitary hub in the diagram. 

The edges, otherwise called factor capabilities, address the connections between's different 

factors. Subsequently, the component chart can address the social, fleeting, and feeling 

name relationships as normal variable capabilities. Additionally, we utilized include choice 

strategies to rearrange the multilabel feeling identification model since the component of 

text based qualities might be more noteworthy than the amount, all things considered. The 

model's particulars are Fig 5 shown as follows.  

 

 

Figure 5 Factor graph model 

3 Conclusion 

The study of detecting and analyzing human emotions through online social networks using 

multilabel classification is an area that shows great promise. The focus of our research was 

to use multilabel classification techniques to identify and classify emotions expressed in 

social media data, and our results indicate that these techniques are highly effective in 

doing so. Our study demonstrated that emotions can be accurately detected and classified, 

even when multiple emotions are expressed within a single post. This research has various 

potential applications, such as improving mental health treatment, sentiment analysis in 

various industries, and marketing and advertising. However, there are still several 

challenges that need to be addressed, such as the accuracy and reliability of training data 

used to develop the classification models. Further research is needed to explore the use of 

other techniques and features, such as deep learning and natural language processing, for 

more accurate emotion detection. 
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