Social Media: Relation with Depression and its Detection using bagging classifiers
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Abstract
This study aims to identify social media and its relation with depression and how social media affects the mental health of individuals. The general Pakistani public who have attended college and are well educated is the study's target population. This research is based on a quantitative technique. A modified questionnaire was used in accordance with the study's objectives. The data was collected using Google forms. Five-point likert scales were preferred for the data collection when convenience sampling was used. The five-point Likert scale served as the foundation for the survey. The ADANCO software was used to carry out the testing. These tests include the convergent validity, discriminant validity, and Cronbach's alpha reliability and validity tests. ADANCO has been used to measure the path coefficient, adjusted (R2), and coefficient of determination (R2). The confined areas for answers in Pakistan were the main focus of this investigation. The sample size for this study is small relative to the population because it was completed in a short time. The findings of this study show that social media can eventually lead to depression. In this study, the elements that affect mental health by excessive use of social media were examined. Numerous studies have been conducted on the detection of depression by the use of social media through bagging classifiers. We have collected data on the detection of depression through bagging classifiers and have added it to our literature review. 

Introduction: 
The concept behind social media is not revolutionary. However, it appears that both professionals and academic researchers are unsure of exactly what should be categorized under this term and how Social Media differs from the closely related but seemingly interchangeable ideas of Web 2.0 and User Generated Content (Kaplan and Hanelin, 2010). CT Carr and RA Hayes (2015) strained to narrate the meaning of social media by using references from other researchers. According to them, several emerging definitions of social media have been put up, both within the transmission field and in connection with other fields, including public relations, information science, and mass media. Social media is often defined as digital technologies that place a strong emphasis on user-generated content or communication. Social media are frequently described in terms of their sound properties, either indicating the directionality of communications or utilizing particular tools, like Facebook or Twitter, to illustrate patterns of engagement. Despite the existence of numerous definitions, there is still no official, succinct, and widely accepted definition of social media.
Social networking sites (SNSs) have been absorbed into modern civilization, which could have an impact on mental health. (Seabrook et al., 2016). Balaji and Murthy (2019) propounded that the development of the web, which promotes, consumer generated media empowerment culture, usability, and interaction for end users, was aided by the expansion of social media during the past ten years. According to some estimates, about 4 billion individuals use social networking sites like Facebook, Twitter, and Instagram worldwide. This usage has led mental health professionals to look into whether social media's enormous popularity contributes to depression (Nittle, 2021). The use of social media is a significant risk factor for depression, according to researchers who are trying to understand how common it is in today's society (Hartanto et al., 2021). 
Like other nations around the world, Pakistan has seen an increase in social platform users over time. Pakistan had a 36.5 percent internet crash rate at the beginning of 2022, or 82.90 million internet users and 71.70 million active social media users. With 71.70 million users, YouTube dominance the record of social apps in Pakistan, followed by Facebook with 43.55 million users. 3.40 million users, or 1.5% of the population, use Twitter, which is considerably fewer than other social media platforms. The amount of Twitter engagement did noticeably increase in March as various political events played out, according to an analysis of the prior several weeks' data stated by Arif (2022). 
Scott and C. Woods (2019) reported that researchers studying sleep and mental health have been observing changes in the media environment over the past few decades, looking at the results of common uses of electronic media, such as watching TV, playing video games, and using smartphones. At the moment, the enhanced connectivity provided by devices and platforms has permitted not just an increase in the amount of time spent engaging in digital media activities, but also significant changes in social norms and expectations surrounding accessibility and online interaction etiquette. Almost all cohorts have seen a surge in social media use throughout the COVID-19 period, although younger individuals have been especially affected (M. Haddad et. al. 2021). Some research has proved that using social media excessively can have severe effects on a person, starting with anxiety and ending with depression (Bashir and A. Bhatt, 2017). ML techniques benefit the prediction and diagnosis in the healthcare domain by generating information from unstructured medical data. The prediction outcomes help to identify high-risk medical conditions in patients for early treatments. In mental disorders, ML techniques help arbitrate the potential behavioral biomarkers.to assist healthcare specialists in predicting the contingencies of mental disorders and administering effective treatment outcomes (Aleem et.al, 2022).

Related Work
This study of the literature aims to cite and compile evidence for social media research on depression symptom identification. In an analysis, DA Baker and GP Algorta (2016) provided a review of quantitative analysis for the relationship between depression and SNSs. A total of five databases were used. In all the studies that were reviewed, there were 196 participants in total. The study's global scope was demonstrated by the fact that it was conducted in 14 different nations, including the Philippines, Turkey, Serbia, Australia, Greece, and Korea. The participants' ages ranged from 15 to 88 years old. This review's objective was to explore and critically evaluate recent quantitative studies on online social networking and depression to better understand this relationship and to identify potential advantages and disadvantages of this behavior. The evidence points to the likelihood that how people utilize online social networking and the interpretations they give to their interactions play a significant role in determining their risk of developing depression, or vice versa. In a study, publications in English and German from 6 different databases were examined between 2010 and 2020. They showed that recent developments in big data analytics suggest analyzing language use and linguistic trends in social media material to forecast the occurrence of mental illness in the present or future through their analysis (N. Owusu et al., 2021). 
A study conducted by Elizabeth et al. (2019) mixed method survey on public opinions to deduct depression through social media users. A cross-sectional, mixed-methods, web-based survey was sent out to SM users in the England who were 16 years of age or older. The study had 184 respondents in all, and 114 (62.3%) of them had previously struggled with depression. The researchers recognized the potential advantages of detecting depression from SM content but did not think the privacy dangers exceed these advantages. Most of the contributor found the analysis to be intrusive and exposing, and they would not provide their agreement for it to be done on their data. The studies described following the same aim and motive as ours. On Diverse segments of training samples, several algorithms are applied by Bagging classifiers as its works as an ensemble algorithm. The results of all algorithms' forecasts are then pooled. An improvement on bagging classifiers, Random Forest (RF) chooses characteristic pieces from the provided dataset in arbitrary combinations (Konieczny & Idczak, 2016). It has been developed on concepts of pooling and bootstrapping. With the utilization of training samples, bootstrap samples are developed. After that distinctive classifiers are trained with these bootstrap samples. The bootstrap data set frequently avoids incorrect training items. Additionally, aggregated classifier performance frequently outperforms that of a single classifier (Duin, 2003). Table 1 describes the Zulfiker et al.(2021) evaluation of bagging classifiers using diverse techniques and accuracy, sensitivity, specificity, precision and AUC of bagging classifiers have been demonstrated. In the view of Zulfiker et al.(2021) the bagging shows high precision in depression detection
Table 1:Utilization of diverse techniques for the classifier performance (Zulfiker et al., 2021)
	Classifier name
	Technique
	Accuracy
	Sensitivity
	Specificity
	Precision
	AUC

	
Bagging
	Without Feature Selection
	
89.26%
	
93.24%
	
82.98%
	
89.61%
	
0.96

	
	SelectKBest
	90.91%
	90.54%
	91.49%
	94.37%
	0.96

	
	mRMR
	90.08%
	90.54%
	89.36%
	93.06%
	0.96

	
	Boruta
	90.08%
	91.89%
	87.23%
	91.89%
	0.96




Table 2: Summary of Related Studies

	References of the studies
	Methods and approaches used
	Age of participants in the studies
	Conclusion
	Years Covered 

	DA Baker & GP Algorta
	Qualitative analysis by using five databases
	18 to 88. 
	People using social media and SNSs are more likely to have depression.
	2010 to 2020

	N. Owusu et al.
	Qualitative and statistical analysis by using 6 databases 
	18 or older. 
	Extensive use of social media has provided mental problems to its users.
	2010 to 2021

	Elizabeth, et al.
	Quantitative analysis by using mixed methods survey
	16 or older.
	The content of social media has depressive features.
	Not mentioned





Methodology
This study's methodology is quantitative. The aim of this study is to determine the part of social media to cause depression and evaluating the literature about the bagging classifier role to identify the depression among people . Because askers with similar characteristics but from different geographic locations have been included, the testing strategy is cross-sectional (Gratton, C. & Jones, I., 2004). This paper's intended audience was any person who uses social media and the internet. The age range of the people studied in this study is 10 to 37 or above, and it is representative of the entire city of Lahore. We gathered opinions from 119 respondents. 
Non-probability sampling and convenience sampling were used in this investigation. Good illustrationis a sort of sampling in which a sample is taken from the nearest region of the population. This kind of sampling is perfect for use in pilot studies. There are two sections to gather the information from the audience through a questionnaire that is adapted. The first section includes the age (10-37 or above), Gender (Male and Female). The questions about the study's variable were the focus of the second section. The scales utilized in this instrument's section varry from 1 (strongly disagree) to 5(strongly agree) on a 5-point Likert scale
This study is based on first-hand information collected using an adapted questionnaire and respondents from Lahore's general population. Literature, electronic books, electronic publication , and electronic articles were employed to gather data from derived sources. The information was assemble using Google forms. 119 submissions in all were submitted and evaluated using ADANCO.

Results 
Reliability and Validity 
Factor loading identifies the factor that has the biggest impact on each variable. The acceptability index ranges from 0.4 to 07, and the most significant influence on the variable of the study is indicated by the factor loading value of 0.7 (Mirza et al., 2020). The negligible impact of the factors on the variable will be in the case of the nearest 0 value of factor loading.
Table 3: Factor Loading
	Indicator
	Social Media
	Depression

	SM 1
	0.7733
	

	SM 2
	0.7149
	

	SM 3
	0.5599
	

	SM 4
	0.7342
	

	SM 5
	0.7290
	

	SM 6
	0.7119
	

	SM 7
	0.6873
	

	SM 8
	0.5543
	

	SM 9
	0.6754
	

	SM 10
	0.7325
	

	Depression 1
	
	0.8262

	Depression 2
	
	0.7995

	Depression 3
	
	0.6695



Internal Consistency
The measure to determine the authenticity of the inner consistency of the scale is Cronbach's alpha. Its optimum value is 0.7)(Solution, 2022). The study is reliable as the value of Cronbach’s alpha is above 0.7.

Table 4: Cronbach’s alpha
 
	                         Construct                                                                Cronbach’s alpha(α)  

	Social Media
	0.8763

	Depression
	0.7499



[bookmark: _heading=h.gjdgxs]Convergent Validity (AVE)
The consistency of the manufacture evaluated utilizing Average Variance Extracted(AVE). The value of AVE 0.5 or above is referred to as the threshold but in different circumstances, a 0.4 value can be sufficient (Sablik et al., 2012).
Table 5:  Convergent Validity
	                         Construct                                                                       AVE  

	Social Media
	0.4773

	Depression
	0.5900





Discriminant Validity: Fornell- Larcker Criterion
The level of the total difference of latent model variables has been extensively examined using the Fornell & Larcker (1981) criterion. The convergent soundness of the measurement model can be evaluated concerning this criterion using the AVE and joint confidence (Alarcón & Sánchez, 2015)
Table 6: Fornell- Larcker Criterion
	Construct                                             Social Media                             Depression

	Social Media
	0.4773
	

	Depression
	0.4766
	
0.5900

	
	
	



Coefficient of determination(R2) and adjusted (R2)
The R2 threshold value is from 0-1 and it determines how much of the dependent variable reports the self supporting construct. The value should fall between 0 and 1. Depending on the type of research (Frey, 2022)
When values of adjusted R2 and R2 coefficients are below 0.2 then it indicates that from the perspective of a realistic approach, the mutual influence on latent constructs is weak (Sep & Wassertheil, 2014). 
Table 7 depicts the values of both Coefficients of determination (R2) and Adjusted (R2) are above 0.2 so it depicts that the influence on the latent variable is strong enough.
Table 7: Structural Model
	Construct                  Coefficient of determination (R2)                       Adjusted (R2)

	Depression
	0.4766
	0.4721



Path Coefficient:
The path coefficient also referred to as the beta value (β), shows how two variables are related to one another. Its range is from -1 to +1. A value of -1 denotes a negative correlation, while several +1 indicate a positive correlation. A 0 value indicates that there is no relationship(Hair et al., 2014). In the view of table 8, the association between dependent and independent variables is positive and remarkable as the value of β is 0.6904
Table 8: Path Coefficient(β)


	           Independent variable                                                                    
	Dependent variable

	
	Depression

	Social Media
	          0.6904




Graphical Representation of the Model:
[image: ]
Figure 1: Graphical Representation of model
Conclusion:
The research related to the social media relationship to depression in people isn’t so enormous that’s why this study focused to recognize the role of social media to enhance the effect of depression among its users of Lahore and examine the utilization of bagging classifier and its accuracy level to determine the depression with respect to literature. According to the researchers of todays who are interested to understand the association of social media and depression demonstrate the social media as a notable risk factor to cause depression (Hartanto et al., 2021). This study considered diverse factors of social media such as frequent internet usage, less face to face interaction, cyberbullying, trolling, self-objectification to describe its impact on its users. The value of path coefficient () 0.6904 describes that the social media has significant and positive impact on its users. The literature explored that the machine learning approach, bagging classifier can be a phenomenal method of depression identification that can be a great use for the researchers of present era.
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