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Abstract:
Background: Mental health problems, including sadness and anxiety, have become important public health issues that affect more than 280 million people around the world. For treatment to work, it is important to diagnose problems early and start treatment right once. Unfortunately, standard therapeutic methods often fail because of underreporting, stigma, and limited access. As social media sites become more popular, user-generated content becomes a valuable source of real-time data for spotting early indicators of mental health problems. Artificial Intelligence (AI), notably machine learning and natural language processing (NLP) approaches, have shown a lot of promise in finding patterns in linguistic, behavioral, and multimodal indicators that are linked to psychological distress. This review looks at the present state of using AI to find sadness and anxiety using social media analysis. It goes into data sources, methods, feature engineering, model performance, ethical issues, and limitations. It also talks about important problems including algorithmic bias, privacy issues, and how to use AI systems in real-world mental health care. Artificial Intelligence has changed the way we keep an eye on mental health, especially when it comes to finding signs of depression and anxiety in social media data. AI systems can find early signs of mental discomfort in real time by looking at patterns in language, behavior, and visual information posted online. The article ends by talking about future research directions, such as creating models that can be understood, adding more culturally varied datasets, and hybrid human-AI diagnostic systems to help mental health practitioners and improve early intervention tactics.	Comment by Lapcom Store: Must write it here	Comment by Lapcom Store: Must write it here for more elaborations
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1. Introduction:
One of the biggest health problems in the world in the 21st century is mental health diseases. According to the World Health Organization (WHO), depression and anxiety are two of the most frequent mental illnesses, affecting more than 280 million and 300 million people around the world, respectively (1). These illnesses not only make it hard for people to be well and get along with others, but they also add a lot to the world's disability and economic load. Suicide, which is often connected to untreated depression, is one of the top causes of mortality among young adults. This shows how important it is to find and treat depression early (2).

Even though more people are aware of them, mental health illnesses are still not diagnosed or treated enough. People sometimes don't get treatment when they need it because of things like social stigma, cultural taboos, restricted access to healthcare specialists, and exorbitant expenditures (3). Also, traditional diagnostic approaches that rely mainly on patients reporting their own symptoms and frequent clinical exams don't show how mental health disorders change and develop over time. These strategies are typically based on personal opinion and can't be used on a wide scale to fulfill the mental health needs of many people, especially in places with few resources. Even with these problems, the digital revolution has made it possible to do new kinds of mental health research and help (4). For billions of people, social media sites like Twitter, Facebook, Instagram, and Reddit are now a part of their everyday lives. These platforms are not just ways to talk to each other, but they are also ways to express yourself, and they often show how people are feeling, what they are thinking, and how they are feeling (5). 
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A lot of people talk about their emotional problems, stressors, or changes in behavior online, and sometimes they're more honest than they are in person. This huge amount of user-generated content gives us a unique chance to passively keep an eye on mental health in real time (6, 7).
Researchers can get useful information from huge, complicated datasets thanks to artificial intelligence (AI), especially improvements in machine learning (ML) and natural language processing (NLP). AI can find signs of depression, anxiety, and other mental problems by looking at trends in language, posting behavior, and multimedia material. AI technologies may run all the time and without being seen, which could help catch worrying tendencies before they show up as clinical symptoms. AI is a valuable ally in the fight against the worldwide mental health epidemic because it can respond before something bad happens (8, 9).
The use of AI in mental health, notably through social media analysis, is a big change from reactive to preventive care. But there are certain problems with this method. There are a lot of problems that need to be properly looked at when it comes to data privacy, consent, algorithmic bias, and the ethical use of personal information. This review's goal is to give a full picture of the current status of AI-driven mental health detection using social media by looking at its methods, triumphs, limitations, and future possibilities (10).


2. Rationale for Using Social Media Data:
Using social media data to find sadness and anxiety is a new way for behavioral research, digital communication, and artificial intelligence to work together (11). The main reason for this is because more and more individuals are using digital platforms to communicate their thoughts, feelings, and daily lives. This kind of self-expression, which is typically free and quick, gives us a clear and unfiltered look into their mental condition. Traditional diagnostic tools depend on direct interviews, self-reported questionnaires, or clinician observations, which are typically limited to certain times and places. Social media, on the other hand, gives us continuous, naturalistic data that we can look at across time and at a large scale. More and more research shows that psychological distress creates digital imprints that can be easily examined using AI methods (12, 13).
One of the main reasons researchers use social media data in mental health studies is that these sites are everywhere and easy to get to. Twitter, Reddit, Facebook, and Instagram are examples of platforms that have billions of users throughout the world and millions of posts every day. This gives researchers access to huge amounts of data without needing people to actively participate in a clinical environment (14, 15). Most significantly, a lot of this data is public and free, so it's a great resource for passive observation and pattern detection. Social media, on the other hand, shows how a person's mood, behavior, and thoughts change over time, often in real-life situations and events. This is different from how therapeutic appointments are only episodic.
People with mental health issues typically act differently online than they do in real life. Studies have shown that people with depression tend to use more first-person singular pronouns (such "I" and "me"), use more negative emotion terms (like "sad," "tired," and "lonely"), and be less involved in good social interactions. In the same way, those who are anxious may be more worried about the future, use words that are related to worry or fear, and post more often late at night. Researchers have shown that these language and behavior characteristics are important signs that a person is mentally upset. AI models can pick up on small details that human evaluators might miss by looking at language patterns, sentiment polarity, and even how people use emojis (16). The visual and time-based parts of social media conversations are also useful, in addition to the text. For instance, studies have shown that people with depression on Instagram tend to appreciate photographs that are darker, grayer, and less vibrant, and they are more inclined to employ black-and-white filters (17, 18). The content and tone of shared photographs, together with how often they are posted and what filters are used, might give clues about how a person is feeling inside. Changes in how often someone posts, like suddenly stopping or posting too much, might also show mood swings, social retreat, or rising worry. AI models can learn to spot these changes over time and link them to symptoms of depression or anxiety (19).
It's important to note that social media can also give us information on how people interact with each other and how social support systems work, both of which are very important for mental health. The quality and quantity of social contacts, like how many replies a user gets, how those replies make them feel, and how deep the talks are, might show how connected or isolated they feel socially (20). For instance, people with depression often say they feel alone or unsupported, and their online interactions may reflect this by having less reciprocity, fewer responses, or negative feedback. We can train machine learning algorithms to spot these trends, which will help us better comprehend the user's social situation. AI approaches make it easier to use social media data because they can be scaled up and automated (21). Traditional mental health screening techniques take a lot of time and money to use, and they are often hard to get to, especially in places with few resources or among groups that are already at risk. On the other hand, AI models can look at huge amounts of data in real time, detecting people who are at risk and possibly starting early intervention plans. These technologies can help doctors prioritize those who are at high risk and reach out to them in a timely manner (22). This can be very helpful when there aren't many mental health specialists available or when people don't want to get assistance because of stigma or other reasons. Also, social media monitoring is passive, so people don't have to actively use mental health services for detection to happen (23). A lot of people who are having mental health problems don't want to get help or don't realize how bad their symptoms are. Using AI to keep an eye on public digital traces could help find people who are at danger but would not be recognized or treated otherwise (24). This early detection can be very important because it is recognized that getting help quickly can improve treatment outcomes and lessen the long-term effects of mental health problems. But using social media to keep an eye on mental health also brings troubling ethical estimations and privacy issues that need to Canada to be wild with technological progress. Even though the data may be available to the public, people rarely share personal posts to get help with their mental health (25). Even if it's legal, users may feel like their privacy is being infringed if they are watched without their permission. So, to make sure that this data is used responsibly, it needs to be clear, anonymous, and follow ethical rules. Also, it's really important to make sure that these AI systems aren't used to punish people or spy on them in ways that could hurt them or make stigma worse (26).
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3. Data Sources and Dataset Construction:
The quality and variety of the datasets used to train and test AI models are what make AI-based mental health detection possible. Social media has a lot of user-generated content that shows how people think, feel, and act. This makes it a great place for psychological tests. But to get therapeutically useful information from this data, you need to carefully build the dataset, handle it ethically, and have a strong awareness of the unique features of each platform. This section talks about the social media sites that are most often used to get data, the methods used to make datasets, and the problems that come with these methods (27).
3.1. Social Media Platforms as Data Sources:
Several social media platforms are frequently used in AI-based mental health research due to their accessibility and content structure. Each platform offers unique types of data and user behaviors (24-29):
TABLE 1. Data formats, advantages and limitations of several social media platforms 
	Platform
	Data Format
	Advantages
	Limitations

	Twitter
	Short texts (tweets), timestamps, retweets, likes
	Real-time updates, easy API access, popular in research
	Limited content length (280 characters), context loss

	Reddit
	Long-form posts and threaded comments
	Rich content, topic-based communities, anonymity encourages disclosure
	Niche audience, limited metadata

	Facebook
	Status updates, photos, shares, likes
	Broad demographic, personal experiences, media-rich content
	API access restricted, ethical concerns regarding consent

	Instagram
	Images, captions, hashtags
	Visual-based data, filter use reveals affective tone
	Text content limited, harder to analyze visuals without annotations

	YouTube/Comments
	Videos, textual comments
	Rich audio-visual data, context-rich comments
	High noise-to-signal ratio, large data size



For instance, Twitter's short tweets make it good for text analysis and watching things happen in real time. Reddit's longer posts and subreddits that are only about one topic (like r/depression or r/anxiety) make it easier to judge how others feel. Instagram is mostly visual, but it has metadata (such filters used or brightness) that can show how someone is feeling. Facebook, on the other hand, has a long history of social connections but is ethically questionable because it is so private.
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3.2. Dataset Construction Techniques:
To train machine learning models, researchers must first label or classify the data into relevant categories such as “depressed,” “anxious,” or “control.” This labeling process can be challenging due to the absence of explicit clinical diagnoses. Researchers typically employ one or more of the following approaches (30-35):
TABLE 2. Strengths and Challenges of Dataset Construction Techniques 
	Dataset Type
	Description
	Strengths
	Challenges

	Self-reported Data
	Posts that explicitly mention a diagnosis (e.g., “I was diagnosed with depression today”)
	High specificity, real-world context
	May be inaccurate or sarcastic, limited volume

	Crowdsourced Labels
	Human annotators classify posts based on predefined symptoms or DSM-V criteria
	Scalability, useful for nuanced interpretation
	Subjectivity, potential for inconsistency

	Clinically Verified
	Posts linked to clinical records (e.g., consented research with known mental health diagnoses)
	Ground truth quality
	Hard to obtain, privacy and ethics restrictions

	Distant Supervision
	Using proxies like subreddit memberships (e.g., r/depression) or use of keywords/hashtags
	Large-scale dataset construction
	Label noise, potential misclassification

	Synthetic Data
	Generated examples using templates or AI to balance datasets
	Solves class imbalance, useful for pre-training
	May lack real-world variation or nuance



Researchers often utilize distant supervision, which means that they presume that people who are active in certain subreddits or who use hashtags like #depression or #anxiety are likely to be going through those things. This method makes it easier to create big datasets, but it also adds label noise because not every post in these regions means a clinical diagnosis. On the other hand, clinically confirmed datasets are quite reliable, but they are hard to find because of privacy issues and the fact that it's hard to connect social media activity to electronic health records (36, 37).



Figure 1 Raw social media data must be preprocessed to enhance model performance. Preprocessing steps often include above steps
4. Feature Engineering and Signal Types:
Feature engineering is one of the most important steps in making AI models that can find mental health problems, especially when integrating data from social media. It means taking raw data—including text, photographs, timestamps, and user interactions—and picking out patterns that can show signs of mental health issues like despair and anxiety (38). Because social media posts are casual, unstructured, and typically use more than one mode of communication, this stage needs a careful mix of language, temporal, behavioral, and visual analysis. The quality and relevance of the engineering features are very important for AI-based detection to work. People frequently put these features into four broad groups: linguistic, behavioral, visual, and multimodal.
Most AI models for finding sadness and anxiety are based on language features. Because much social media is text-based, especially Twitter and Reddit, natural language processing (NLP) is very important. People who are depressed or nervous typically use language in a way that is different from how they normally do. Studies have repeatedly demonstrated that people are using first-person singular pronouns like "I," "me," and "my" more often, which means they are focusing more on themselves. This desire to go inward and talk about oneself is very typical when someone is depressed (39). In the same way, people who show indicators of psychological discomfort use negative affect words like "sad," "tired," "worthless," or "hopeless" a lot more often. On the other hand, the number of positive effect words tends to go down. Researchers have also found that those who are anxious are more likely to use terms that show worry, dread, or uncertainty, including "nervous," "afraid," or "anxious." Using absolutist words like "always," "never," and "completely" a lot is another sign of a mental condition. These words show cognitive distortions that are common in people with mental problems. People typically utilize sentiment analysis tools, part-of-speech tagging, and lexicon-based models like LIWC (Linguistic Inquiry and Word Count) to measure these trends in text. To find emotional or cognitive disarray, researchers also look at things like how complicated the syntax is, how long the sentences are, how punctuation is used, and how grammar is broken.
Behavioral characteristics may tell you a lot about how a user interacts with others on social media, much like the content they upload. People who are depressed may post less often or suddenly stop using the internet altogether. On the other hand, those who are anxious may publish too much or in strange ways. Posting at strange times, like late at night or early in the morning, is another activity that has been linked to sleep problems and mood issues. The circadian cycles that may be seen in timestamp data might assist find biological patterns that have been interrupted, which are often signs of anxiety and sadness. The type and quality of social contacts also give behavioral clues. For instance, a drop in likes, comments, or retweets could mean that someone is withdrawing from social media, while sudden changes in the size or activity of a social network could mean that someone is going through a lot of emotional pain. Some studies also look at how people use question marks or sentences that sound like pleas (such "help me" or "what's wrong with me") as signs of distress. In more advanced systems, graph-based metrics from the user's social network, such centrality and clustering coefficients, are utilized to figure out how connected, isolated, or influential someone is in a digital community.
In recent years, visual elements have gotten a lot of attention, especially since image-based networks like Instagram have become so popular (40-45). Visual clues can tell us a lot about how a person is feeling, even when there isn't much or no word data. According to research, those who are prone to depression prefer to upload pictures that are less brilliant, less saturated, and have a cooler color scheme, such grayscale or blue-toned pictures (46-48). These choices about how things look may be unconscious ways of showing how you feel. Also, using certain Instagram filters, such "Inkwell" or "Willow," which make pictures black and white, has been connected to depression symptoms in a statistically significant way. Another strong visual sign is facial expression analysis. AI models can use computer vision techniques like convolutional neural networks (CNNs) to find indicators of unhappiness, tiredness, or a lack of emotional expression in selfies and group images. We also look closely at the content of the images. Pictures that show loneliness, messy places, or specific symbolic images (such rain, broken things, or dark themes) may show that the person is going through a lot of stress. For better understanding, visual elements are often integrated with metadata like image descriptions, hashtags, and geotags (49).
More and more people are realizing that multimodal fusion, which combines many forms of data (text, image, behavior), is the best way to find sadness and anxiety. Text-only or image-only models, for example, may miss subtle signals that come from the interaction of different modalities. For example, someone might share a dismal photo with a bright message or a happy-looking photo with a strange or sad hashtag. Multimodal AI models are made to find these kinds of inconsistencies. They can also look at temporal trends, like how a user's present conduct compares to their own historical behavior. This helps them tell the difference between transitory mood changes and long-term psychological suffering. Multimodal transformers and late-fusion models are examples of deep learning architectures that let you extract features from each modality separately and then make a judgment together. These models are very good at dealing with the noisy and varied nature of social media data, even if they take a lot of computing power. For instance, a model might look at a piece of writing to figure out how someone feels, look at a picture to see if it makes them sad, and then connect this to how often people post at night to make it more likely that they have depression (50, 51).
5. AI Techniques and Model Architectures:
There are a lot of different ways that artificial intelligence (AI) can be used to find sadness and anxiety in social media data. These range from traditional machine learning algorithms to the newest deep learning models. These methods learn from features taken from user-generated content, like text, pictures, and patterns of behavior (52, 53). The type of data, how easy it is to understand, and how hard it is to compute all affect the choice of algorithm.
Support Vector Machines (SVM), Random Forests (RF), Naive Bayes (NB), and Logistic Regression (LR) are all common methods for generating initial models. Feature engineering is a big part of these methodologies. It involves turning text into numbers using methods like Bag of Words (BoW), TF-IDF (Term Frequency-Inverse Document Frequency), or word embeddings. Classical models are fast to compute and easy to understand, thus they work well with little datasets or when transparency is critical. But they don't always work well in complicated situations when there are non-linear and high-dimensional patterns (54).
To get around these problems, people have used deep learning models like Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) a lot. CNNs are good at working with visual data, like pictures from Instagram. RNNs, on the other hand, are great at processing sequential text data, such LSTM (Long Short-Term Memory) and GRU (Gated Recurrent Units), which can capture the flow of words over time and in context. More recently, transformer-based models like BERT (Bidirectional Encoder Representations from Transformers) and RoBERTa have done better because they can understand language's long-range dependencies and subtle meanings. These models are trained on huge amounts of data and then fine-tuned for tasks like classifying mental health conditions. This makes them much better at finding things.
Multimodal architectures are also becoming more common. They combine text, images, and behavior characteristics for a complete analysis. For example, a model might use the emotional tone of a tweet, the darkness of a shared image, and the fact that people post less often to make more accurate predictions. These systems generally use late-fusion tactics or attention mechanisms to make sure that all input types are balanced (55).
People often say that deep learning models are "black boxes," even if they are very powerful. So, explainable AI (XAI) methods are being added to show which words, images, or attributes had the biggest impact on a prediction. This is very important for use in healthcare contexts (56, 57).
Table 3 Summary of AI Techniques Used for Detecting Depression and Anxiety
	AI Technique
	Use Case
	Strengths
	Limitations

	Support Vector Machine (SVM)
	Text classification (BoW, TF-IDF features)
	High accuracy, interpretable
	Limited to linear boundaries

	Random Forest (RF)
	Text + behavioral features
	Robust to noise, works on small data
	Prone to overfitting if not tuned

	CNN
	Image analysis (Instagram filters, selfies)
	Effective in spatial pattern recognition
	Needs large labeled image datasets

	RNN / LSTM / GRU
	Sequential text (tweets, Reddit posts)
	Captures temporal context
	Slower training, risk of vanishing gradients

	BERT / Transformers
	Contextual language understanding
	State-of-the-art accuracy, pre-trained models
	Computationally intensive

	Multimodal Networks
	Text + image + behavior
	Rich representation, higher detection accuracy
	Complex to train, requires multi-source data

	Explainable AI (XAI)
	All types (post-hoc analysis)
	Improves trust and adoption
	Still maturing in healthcare applications



6. Model Performance and Validation:
The ability of artificial intelligence (AI) to find sadness and anxiety in social media data depends a lot on how well the machine learning models work. Researchers use a number of performance measurements, including as accuracy, precision, recall, F1-score, and Area Under the Receiver Operating Characteristic Curve (AUC-ROC), to see how well their models work in the actual world. These numbers assist figure out how well a model can tell the difference between people who have mental health problems and those who don't (57). In a typical binary classification context (such depressed vs. not depressed), accuracy is the number of correct predictions, and precision is the number of cases that were expected to be positive that were actually positive. Recall checks how well the model can find all the real positive examples, and F1-score balances accuracy with recall, especially when the datasets are not balanced. AUC-ROC gives an overall picture of how well a system works at all categorization levels. This is especially significant in sensitive areas like mental health monitoring, where false negatives can have serious effects.
Studies in the real world have shown encouraging outcomes. For instance, models that use natural language processing (NLP) on Twitter datasets say they can find sadness with an accuracy rate of over 90%. In a multimodal configuration that used both text and image information from Instagram, Convolutional Neural Networks (CNNs) and linguistic feature extractors were able to get up to 94.2% accuracy. Ensemble models like Random Forests and Gradient Boosting have F1-scores of about 0.85–0.90 for anxiety detection, which means they are quite good at classifying (58).
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Figure 2 This flowchart illustrates a typical AI-based pipeline for detecting depression and anxiety. Social media inputs (text, images, behavioral data) undergo feature extraction, followed by classification using machine learning or deep learning models. The final output is validated using standard evaluation metrics.
One of the most important uses has been to find people who are at danger of suicide early on. According to research from the CLPsych 2019 shared task, models could detect suicide thoughts an average of 7.2 days before the crisis, giving people a crucial chance to intervene. We trained models on Reddit postings using Bidirectional Encoder Representations from Transformers (BERT), which helped them recognize the linguistic context and emotional tone in a more complex way. But even though quantitative metrics say they are quite accurate, these models typically have trouble being used in the actual world and being able to be generalized. Models that were trained on English-language data might not work as well in communities that speak more than one language or have a lot of different cultures. Also, clinical adoption is limited because the model overfits to training data, doesn't have external validation, and can't explain its predictions. So, new studies stress that Explainable AI (XAI) methods should be used to make models more accurate as well as more understandable and open (58-60).

Figure 3 This bar graph compares the performance of AI models in detecting depression and anxiety using social media data. Key metrics include Accuracy, Precision, Recall, F1-Score, and AUC-ROC. Depression models generally show slightly higher performance, especially in terms of recall and accuracy.
7. Integration into Healthcare Systems:
Integrating AI-based mental health detection techniques into real-world healthcare systems offers a game-changing chance to improve early diagnosis, intervention, and ongoing monitoring of those who are at risk of depression and anxiety. AI-driven models can passively monitor user-generated social media content in real time, which allows for a proactive approach to mental health therapy. This is different from traditional methods that rely on patients to visit and disclose information. But for it to work, there needs to be a connection between algorithmic identification and clinical usefulness. AI systems can passively screen people by keeping an eye on their online activity all the time to look for changes in their mood, negative sentiment trends, or patterns of social retreat (17). These kinds of applications can send notifications to healthcare doctors or other specified contacts when certain levels of worry are achieved when they are connected to social media APIs. For instance, if a user keeps posting about feeling despondent or having thoughts of suicide, an AI system can flag the content for prompt action.

Figure 4 shows a potential AI-assisted mental health workflow. In this process, user data is gathered, pre-processed, and then analyzed by machine learning models. After that, mental health professionals sort the data and decide what to do next (55).
AI can be added to Decision Support Systems (DSS) that doctors utilize, in addition to alarm systems. These systems can give clinicians concise summaries of how patients use social media over time, how their feelings change, and their discovered risk scores. This helps clinicians make smart judgments regarding diagnosis and therapy. This method is especially useful for telehealth systems, which have grown a lot since COVID-19 and rely on tools for remote monitoring.
More and more people are using AI-based mental health chatbots like Woebot, Wysa, and Tess as their first line of defense. They don't take the place of doctors or give formal diagnoses, but they do help people deal with their feelings, learn how to cope, and feel heard. These chatbots employ natural language processing (NLP) to understand what users say and provide them responses that make sense in the context of cognitive behavioral therapy (CBT). They also give people who don't want to go to a therapist in person a cheap, 24/7 way to get aid.
There are still problems with integration, even with these improvements. Health systems need to make sure that AI tools and Electronic Health Records (EHRs) can work together, follow data protection rules (including HIPAA and GDPR), and develop trust with clinicians by using explainable AI models. Also, skilled clinicians should always look over AI-generated insights before any therapeutic judgment is taken (47, 51, 58).


Figure 4 AI-Driven Mental Health Monitoring Workflow
Conclusions:
Artificial Intelligence has changed the way we keep an eye on mental health, especially when it comes to finding signs of depression and anxiety in social media data. AI systems can find early signs of mental discomfort in real time by looking at patterns in language, behavior, and visual information posted online. This capacity has a lot of potential for proactive mental health support, especially for people who don't have easy access to standard care. Still, there are a lot of problems that need to be solved before AI models can be used to make predictions with high accuracy. Some of these are algorithmic bias, datasets that don't have enough cultural and linguistic variety, privacy and consent difficulties, and poor clinical validation. Also, deep learning models are sometimes too hard to understand for use in real-world healthcare, which worries both clinicians and regulatory agencies. To make sure AI is used responsibly, future research has to focus on creating AI frameworks that are explainable, morally sound, and open to everyone. It is important for mental health experts, AI developers, ethicists, and politicians to work together to close the gap between what technologies can do and what it can do in a therapeutic setting. In conclusion, AI could change the way we find and keep an eye on mental health problems early on through social media, but it will only work if we take a balanced approach that puts human dignity, ethical norms, and collaboration between different fields first.
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