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I. INTRODUCTION 
 

Social media (SM) has become an extremely popular 

instrument for social connection. It is a vital 

interactive medium for youth, and unlike traditional 

media, users actively participate in creating and 

influencing their experience. Furthermore, it is a 

crucial part of the developmental process for youth 

and young adults as they interact with people and 

exhibit their developing identities online [1]. Today's 

youth have easy access to online SM through 

computers, smartphones, and tablets. This unique 

form of communicating with others has quickly 

gained prominence, and much attention has been 

paid to the possible negative consequences that 

adolescents' usage of these gadgets may have on 

youth mental health, such as depression, anxiety and 

loneliness. Recently it has been argued that SM use, 

rather than other digital devices or screen time, may 

be more significantly linked to depression and 

anxiety risk [2]. Platforms like Twitter, Facebook, 

discussion forums, and microblogs have long been 

popular for expressing and recording people's 

personalities, sentiments, moods, thoughts, and 

behaviours. With recent and rapid innovations in 

social media technology, mental health researchers 

have the opportunity to collect vast amounts of 

online data related to people's mental states, and 

machine learning (ML) can serve as a robust 

technique for analysing these data and detecting 

trajectories and dimensions of mental disorders (e.g., 

depression and anxiety) [3].  

Abstract- The proliferation of social media portals has substantially impacted the daily lives of adolescents, 

escalating issues about their consequences on mental health. The surveys analysed that extensive use of social 

media by teenagers exploits their health by increasing anxiety, depression, sleep disturbances and low self-

esteem. On the other side, these portals formulate a broad amount of user-generated data, building new frontiers 

for enhanced technological analysis. The latest evolution in machine learning, deep learning and cloud computing 

gave researchers access to evaluate massive amounts of data from social media that identify the behavioural 

patterns associated with mental health conditions. Different methodologies, such as natural language processing, 

sentiment analysis, and predictive modelling, are gaining attention for their ability to detect early signs of 

depression and anxiety by observing online activities, posts, and user interactions. This review examines the 

correlation between social media usage and adolescent mental health while assessing the significance of cloud-

based infrastructure and artificial intelligence (AI) in investigating such data. Cloud computing provides scalable 

storage and processing capabilities that are essential for managing big data sets which are generated by social 

media platforms, enabling immediate overviews and analysis. Nevertheless, in spite of the positives of these 

technologies in early detection and intervention, numerous concerns remain the same, such as data privacy, 

ethical issues, algorithm bias and limitations in accurately interpreting human emotions. The analysis presents 

that augmented usage of social media generates a higher risk of anxiety and depression among adolescents; the 

inclusion of machine learning and cloud computing offers solutions for early detection and mental health support. 

Continued research should focus on enhancing ethical, transparent and reliable systems that manage 

technological advancements with user privacy and well-being. 
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ML algorithms have shown enormous potential for 

automatically analysing large amounts of textual 

data and generating relevant insights. Natural 

language processing methods (NLP) in particular 

have been used to create computational models that 

can detect depressive symptoms in user-generated 

content, such as tweets. Such frameworks present a 

promising opportunity to supplement established 

diagnostic approaches by providing an intuitive, 

versatile and cost-effective method of screening for 

depression on a wide scale [4]. ML is associated with 

the phrase 'data mining', which refers to the retrieval 

of relevant information and knowledge. The 

technique describes how to manage obtained data 

during data analysis. Analysing data entails training 

each user's data to produce an output while also 

having a test set to ensure efficiency and accuracy 

[5]. On the other side, NLP, as stated above, improves 

activities such as textual data management, 

information extraction, sentiment analysis, and 

mental health monitoring.  

 

NLP relies on feature extraction techniques, which 

turn unstructured text into structured numerical 

representations, allowing machine learning models 

to classify data, analyse sentiment, and model 

themes [6]. This landmark study demonstrated to the 

scientific community the importance of insights into 

mental health risk factors as well as population-level 

disclosure of mental health symptoms on social 

media platforms that would otherwise go 

undetected. This has resulted in dozens of new 

studies utilising AI-powered prediction models and 

user-generated data from various social media 

platforms [7]. The report emphasises the need to 

diversify data sources, standardise preprocessing 

techniques, ensure uniform model-building 

practices, eliminate class imbalances, and improve 

reporting. transparency. By solving these obstacles, 

future research can create more robust and 

generalisable ML models for detecting depression 

on social media, thereby contributing to better 

mental health outcomes worldwide [8]. 

 

II. LITERATURE REVIEW 
 

A Radovic et al. [9] mentioned that social media was 

not entirely negative; it could actually improve 

people's moods. For those who were feeling down 

or unhappy, social media could serve as a source of 

comfort. It allows individuals to connect with others 

and avoid feeling isolated. Therefore, SM was not 

just harmful; it could also aid in emotional healing. 

Teenagers shared their experiences with SM, noting 

that when it was used positively, it involved activities 

such as watching entertaining videos or humorous 

posts that made them laugh as well as making new 

friends and interacting with existing ones. 

 

In fact, SM could improve one's self-esteem. Y. Yuan 

et al. [10] considered that the Papageno effect 

described how media could prevent people from 

considering suicide and taking action. At that time, 

SM was everywhere and was  constantly used by 

people. On these platforms, they frequently 

discussed their experiences and mental health issues. 

The effectiveness of the Papageno effect in this 

context was still unknown. The Papageno effect was 

significant because it could assist those who were 

dealing with health problems. 

 

Teens used media to talk to each other and share 

their thoughts and feelings about the people they 

cared about, their families, and the activities they 

liked to do. A. Alluhidan et al. [11] highlighted that 

teenagers could use media to discuss the things that 

worried them, such as their family and emotions, by 

making friends with people who understood them. 

They could talk about these matters and remain in 

control of what they said to each other. 

 

S. Damodar et al. [12] spotlighted that SM 

significantly influenced teenagers' daily interactions 

both online and offline, allowing them to share life 

updates and connect emotionally. Excessive use 

could lead to negative outcomes, including 

persistent depression, anxiety, loneliness, and 

conflicts with family and friends. 

 

SM reflected health, particularly among adolescents, 

as changes in behaviour, mood, and emotions were 

mirrored in engagement patterns. This connection 

allowed for the prediction of mental health 

conditions such as depression and anxiety based on 

interactions, emphasising the importance of media 
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in understanding these health issues, as stated by E. 

Sivak et al. in their article [13]. 

 

Depression affected one in seven teenagers and was 

increasingly linked to SM use, which exacerbated 

feelings of guilt and contributed to mental health 

issues, as accentuated by L. Azem et al. [14]. This 

condition impacted teens' ability to engage in home 

and school activities, underlining a concerning rise in 

mental health problems among adolescents. 

 

SM impacted over 280 million people worldwide 

provides AI with a real-time data source to identify 

mental health conditions such as depression and 

anxiety. DM Mam et al. [15] stressed that traditional 

methods faced challenges due to stigma and 

underreporting. The richness of user-generated 

content on media facilitated the detection of early 

signs of mental health issues. Fig. 1 depicts raw data 

preprocessing for clear visualisation. 

 

 
Fig. 1. Raw social media data needs preprocessing 

to improve model performance, involving several 

procedures. [15] 

 

AI was revolutionising mental health care by 

enhancing treatment accessibility and 

personalisation for conditions such as stress, anxiety, 

and depression. Advanced machine learning allowed 

for early diagnosis through data analysis, such as 

speech patterns. However, ethical challenges, 

including algorithmic bias, data security, and privacy 

concerns, necessitated strong ethical frameworks 

and continuous research to safeguard patient rights 

and ensure equitable access to  services, as visualised 

by HM Pandey et al. [16] in their research. 

 

SM could capture behavioural attributes related to 

an individual's mood and socialisation, revealing 

emotional states such as worthlessness and guilt. 

Table 1 and Table 2 depicted the data. M. D. E. 

Choudhury et al. [17] documented the hypothesis 

that fluctuations in language, activity, and social 

connections could be combined to create statistical 

models capable of detecting and predicting major 

depressive disorder, serving as a complement to 

traditional diagnostic methods. 

 

Table 1: Statistics of the study cohort's Twitter data 

[17] 

Total number of users 476 

Total number of Twitter 

posts 

2,157,992 

Mean number of posts 

per user over the entire 1 

year period  

4,533.4 

Variance of number of 

posts per user over the 

entire 1 year period 

3,836 

Mean number of posts 

per day per user 

6.67 

Variance of number of 

posts per day per user 

12.42 

 

Table 2: Examples of posts made by participants in 

the depression course [17] 

 

Having a job again makes me happy. Less time to be 

depressed and eat all day while watching sad movies. 

"Are you okay?" Yes.... I understand that I am upset 

and hopeless and nothing can help me.... I'm okay.... 

but I am not alright. 

"empty" feelings I WAS JUST TALKING ABOUT 

HOW I HAVE EMOTION OH MY GOODNESS I 

FEEL AWFUL 

I want someone to hold me and be there for me when 

I'm sad. 

Reloading twitter till I pass out. *lonely* * anxious* * 

butthurt* * frustrated* * dead* 

 

G. Coppersmith et al. [18] foregrounded in their 

article that SM primarily utilised surveys such as 

depression batteries and personality tests to profile 

users and analyse their data. Research had mainly 

concentrated on depression with limited participant 

numbers due to survey completion requirements. 

For instance, one study requested Twitter users to 

complete the CESD and share their public profiles to 

examine linguistic and behavioural patterns. 

 

Identifying mental illnesses through SM was 

complex, and the adoption of supervised machine 
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learning, particularly deep neural networks, faced 

challenges due to a lack of annotated training data. 

The article by AH Orabi et al. [19] presented the 

effectiveness of various deep neural network 

architectures that had previously been used in 

natural language processing to detect signs of 

depression from limited unstructured text data 

sourced from Twitter. Fig. 2 gave the clear 

visualisation of the system architecture. 

 

 
Fig. 2 System Architecture [19] 

 

AI analysed SM posts, particularly tweets, to identify 

signs of depression among teens. P Resnik et al. [20] 

pointed out that using a dataset of about 3 million 

tweets from 2,000 users, including 600 diagnosed 

with depression, the research aimed to differentiate 

between posts based on depressive and non-

depressive contexts. AI could successfully learn to 

recognise symptoms of depression in SM 

information by preprocessing tweets using NLP 

methods. 

 

 AG Reece et al. [21] presented that researchers 

utilised Instagram data from 166 individuals and 

machine learning algorithms to detect signs of 

depression by analysing 43,950 photos. They 

employed techniques such as colour analysis and 

facial recognition, demonstrating that computer 

models outperformed doctors in identifying 

depression, as shown in Fig. 3. 

 
Fig. 3: Chi-squared study of Instagram filter usage 

revealed disparities between people who are 

depressed and those who are well. Orange bars 

indicate filters preferred by persons in good health, 

whereas blue bars emphasise filters 

disproportionately utilised by sad people.[21] 

 

S. Ji et al. [22] suggested that by employing 

transformer-based designs such as  BERT and 

RoBERTa, recent research had improved mental 

health diagnosis by expanding on conventional 

machine learning techniques. In natural language 

processing, pretrained contextualised language 

representations had produced domain-specific 

models. 

 

Through the use of bidirectional contextual 

information, transformer-based models such as 

BERT had improved mental health detection systems 

by enhancing natural language understanding, as 

illustrated by J. Devlin et al. [23]. A variety of natural 

language processing activities, such as sentence-

level tasks and token-level tasks, had succeeded and 

were enhanced by language model pre-training. 

 

. P.Tzirakis et al. [24] observed that by integrating 

textual analysis with multimodal data such as audio, 

facial expressions, and visual cues, researchers had  

improved emotion identification. A new approach 

incorporated Long Short-Term Memory networks for 

better contextual modelling and outlier resilience 

while using a fifty-layer convolutional neural network 

for audio features and ResNet for visual data. Its 

performance was presented on the RECOLA 

database from the AVEC 2016 challenge. 
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Table 3 The RECOLA dataset's results show how well 

ρc predicts valence and arousal. The model was 

optimised with respect to MSE (a) and ρc (b), and the 

development set performance is shown in 

parentheses.[24] 

Predictor Features Arousal Valence 

a. Mean squared error objective 

SVR eGeMAPS .318 

(.489) 

.169 

(.210) 

SVR ComParE .366 

(.491) 

.180 

(.178) 

BLSTM eGeMAPS .300 

(.404) 

.192 

(.187) 

BLSTM ComParE .132 

(.221) 

.117 

(.152) 

Proposed raw signal .684 

(.728) 

.249 

(.312) 

b. Concordance correlation coefficient objective 

BLSTM eGeMAPS .316 

(.445) 

.195 

(.190) 

BLSTM ComParE .382 

(.478) 

.187 

(.246) 

Proposed raw signal .699 

(.752) 

.311 

(.406) 

 

A study indicated that online behaviour, particularly 

on platforms such as Twitter, could reveal insights 

into a user's mental health, as spotlighted by M. Park 

et al. [25] in their research. In wealthy nations, 9–30% 

of adults experienced depression annually, leading 

to numerous psychiatric hospital admissions. It was 

found that users exhibiting symptoms of depression 

shared treatment histories and personal challenges, 

often posting more intimate tweets and employing 

more negative emotional language compared to 

typical users. 

 

Interpretability techniques such as LIME had 

emerged to address transparency issues associated 

with complex machine learning models. By creating 

a locally interpretable model LIME facilitated the 

dissemination of individual predictions and 

explanations. These techniques were effective in 

evaluating prediction reliability, aiding in model 

selection, and addressing trust challenges as stated 

by MT Ribeiro et al. [26].  

 

Conversational bots utilising AI for emotional 

support offered innovative solutions in mental 

health care, especially given that nearly 5% of the 

global population experienced severe depression. B 

Inkster et al. [27] suggested that AI-driven 

smartphone apps could enhance access to mental 

health services, addressing challenges such as 

professional shortages and stigma. It is important 

that they did not replace in-person care when 

necessary. 

 

. K. Saha et al. [28] presented in their article that SM 

platforms were useful for tracking people's mental 

health in real time and for gathering personal data 

at a reasonable cost. As a voice sensor that enhanced 

non-verbal data with insights into individual 

psychological dynamics, they assisted in assessing 

well-being risk factors and identifying psychological 

health markers. 

 

Despite developments, BD Mittelstadt et al. [29] 

stated that there were still significant ethical 

concerns, as shown in the Fig., regarding the 

application of AI in mental health, including 

algorithmic bias, privacy, and permission. Decision-

making in social and political contexts was greatly 

impacted by algorithms, which also affected 

interactions and perceptions. These decisions 

prioritised particular values without ensuring ethical 

results. 

 

 
Figure 4. Six categories of ethical issues that 

algorithms raise [29] 

 

As Cohen et al. [30] stated, new ideas such as  digital 

phenotyping aimed to enhance individualised 

mental health care through continuous data 

collection and analysis. Clinician assessments of 

negative symptoms in schizophrenia were accurate 

but lacked the precision of biobehavioural 
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technologies, which showed weak correlations with 

these assessments. The article highlighted the 

concept of resolution, where clinician evaluations 

provide a broad perspective while biobehavioural 

measured offered contextual precision. 

 

III. CONCLUSION 
 

Enhanced online exposure of teenagers may 

correspond with heightened anxiety and sadness. On 

the other hand, digital platforms can strengthen 

friendships and provide comfort. The effect varies 

person to person, and with the help of data tools 

hidden stress triggers can be uncovered. Social 

media helps teenagers in boosting their moods and 

feeling relief by making connections and offering 

support. In fact, more use, especially at night or in 

between a conflict, can lead to disrupted sleep and 

negative thoughts. While online bullying can 

degrade these issues. This review tells how artificial 

intelligence handles the complex challenges of 

understanding human language and detecting 

emotional concerns in online posts.  

 

By going through user behaviour and certain 

phrases, algorithms can detect patterns of sadness 

and anxiety, helping in early detection of issues 

usually missed by humans. Additionally, AI can assist 

in emotion management by tracking mood changes, 

but it is essential to ensure personal data security 

and develop equitable systems to maintain trust. The 

longer time span of teenagers online leads to anxiety 

and sadness, although relationships vary based on 

their engagement with platforms. The behavioural 

patterns bound to emotional well-being and for 

early intervention can be identified by machine 

learning. Building technology that goals equality and 

usability can help guide teens towards safe media 

habits. The higher understanding of human emotion 

in tech may change the viewpoint of online 

networks, pointing out the importance of balance 

and mental wellness in the condition of daily screen 

time. 
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