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Abstract

Social media websites are popular, and it is now possible to collect a significant amount
of behavioral data in real time. This has made it possible to conduct research on mental health.
This study proposes a machine learning framework to identify and predict mental health issues,
such as emotion and cognition, related to social media with respect to depression, anxiety, and
bipolar disorder. In this study, three social media datasets were used, each with more than 1.6
million posts: Sentiment140, Twitter Depression Dataset, and Facebook Sentiment. The data
was tokenized and lemmatized, and stopwords were removed. We used BERT, a transformer
model, to view the data using emotional traits. This was done using the sentimental polarity
score and emotions such as grief, anger, joy, fear, and insignificance. We used Latent Dirichlet
Allocation (LDA) and Linguistic Inquiry and Word Count (LIWC) to infer cognitive
distortions and psychological indices. We used Recursive Feature Elimination (RFE) for
feature selection and a Random Forest classifier to predict mental health across multiple
classes. The proposed method is more effective than deep learning and machine learning
techniques, achieving an accuracy of 95.0%, precision of 94.0%, recall of 93.7%, F1-score of
94.8%, and AUC-ROC of 98.9%. The sentiment polarity score improved the prediction by
28%, the emotional scores improved the prediction by 35%, the cognitive themes improved the
prediction by 22%, and the LIWC features improved the prediction by 15%. The results
indicate that the use of cognitive linguistics and emotional representation facilitates the
identification of early symptoms of severe depression and bipolar disorder.

Keywords: Mental Health Disorders, Social Media, Emotion, Cognitive, Machine Learning,
Twitter, Facebook, Depression, Anxiety.

1. Introduction

Many people across the globe face severe problems that impact humanity and society.
Individuals can now easily express their ideas, emotions, and experiences through internet-
based online networks, thereby leaving a meaningful footprint that represents their present
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mental state. By analyzing people's online expressions and behaviors, scientists have
successfully identified the concept of mental vitality through new methods [1]. Thanks to the
rapid growth of media in online networks, experts have an opportunity to study problems in
the healthcare field in an electronic environment in real time [2]. By using consumer
communication tools such as Facebook, Instagram, and Twitter as virtual reflections of emotive
and cognitive states, scientists have successfully analyzed the mental health of various
populations. According to WHO statistics, 280 million people worldwide suffer from
depression, a leading cause of disability. However, the use of digital media has increased
enormously, with 4.7 million active users across the globe as of 2023 [3]. This represents a
huge, largely untapped, data source. Research has indicated that people suffering from mental
health issues tend to reveal their emotions and cognitive issues in an extremely open way during
such periods [4]. In the analysis of the two million tweets mentioned above, it was indicated
that people suffering from depression tend to tweet at night, use harsh words, and are
pessimistic, all of which are characteristics of mental illness [5].

Like the emotional states of grief, happiness, frustration, or fear, emotion evaluation,
which makes use of NLP, is concerned with the emotion of a text during the cognitive analysis
of ideas that form a desperation, or alternatively, distorted thinking, which is generally
connected with psychological disorders [6]. The objective of the comprehensive study
procedure, which is generally dependent on sentiment analysis, is to classify the sentimental
score of a customer's post by determining feelings such as happiness and unhappiness [9]. The
extensive study procedure, which is generally dependent on sentiment analysis, is meant for
addressing the worldwide issues of mental health as well as addressing academic writings for
the assessment of an individual [8]. To detect indications of cognitive distortions, which are
often associated with various mental health disorders such as anxiety and depression, cognitive
assessment of the user includes a detailed analysis of the user's reflective activities and standard
structure. The machine learning algorithm can achieve a better understanding of the user's
mental state and detect overly inclusive indicators of psychological discomfort through
emotion and cognitive assessment [11].

The bias of the samples was due to several methods of analysis, which were based on
self-reporting and platform-related information, which may not be adequate for representing
clinical diagnosis, especially for younger and less active users of digital platforms [10]. The
application of the main model, based on English and sometimes Spanish, is limited by mother
tongue and sociolinguistic factors, making it less effective for wide application [11].
Furthermore, the dominance of text-based evaluation neglects multimodal data that is essential
for inferring mental wellbeing, such as images, videos, behavior, and interactions [12]. The
interpretation and clinical validation of these models were limited, as they were normally used
for deep learning methods and never for long-term validation and psychiatry-related therapies
[13].

However, the rapidly evolving field, similar to the metaverse and computer addiction,
is ignored, as well as the lack of beneficial information and advanced behavior resolution,
leading to decisions that are mainly incorrect [14]. Lastly, ethical and loneliness-related issues
relate to consent, anonymization of facts, georeferenced data, and the misuse of the Mental
Fitness Index, limiting the use of statistics and objective use.
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2. Literature Review

The conventional machine learning approach for mental well-being detection mainly
relies on features combined with classifiers. Optimal SVM models with kernel tuning,
polynomial functions, and regularization have reported accuracy of 85-92% and F1-scores
higher than 0.85 over structured and moderately sized mental health datasets, although their
performance is significantly reduced in high-dimensional, sparse digital media text without
aggressive feature selection [16]. Feature preprocessing approaches such as TF—IDF and n-
gram representation, often associated with PCA, lower dimensionality and training time by 30—
50%. However, PCA's linear projection complicates semantic interpretability and can suppress
clinically related linguistic signals [17]. Furthermore, classical ML strategies show limited
robustness to domain shifts, sarcasm, and evolving language, restricting their generalization
across media [18].

The neural approach consists of Multilayer Perceptrons (MLPs), Convolutional Neural
Networks (CNNs), and brain-inspired spikes aimed at involuntarily acquiring hierarchical
knowledge representation from natural text, or embeddings. Compared to conventional neural
cells, spike neuron-based MLPs show improved time-related encoding and energy efficiency;
however, they still suffer from unstable gradient propagation and insufficiently mature training
standards for large-scale NLP projects [19]. Deep Learning models have surpassed classical
ML by 5-12 % in accuracy and recall for depression and psychiatric disorder detection, yet
they require large annotated datasets and substantial computing resources, limiting
reproducibility in low-resource environments [20].

Transformer models trained from scratch enable end-to-end learning features but
involve millions of labeled samples and high-performance computing infrastructure, making
them impractical for most clinical intentions [22]. A trained model identical to BERT has a
marked increase in contextual understanding and semantic coherence, attaining accuracy and
recall scores exceeding 90% in a controlled benchmark; however, their power is subordinate
to cross-domain examination and restricts clinical interpretability and confidence [23]. In
addition to reducing label data dependence through few-shot learning, large-scale speech
models also face serious impediments for ethical mental health analysis, and their high
inference cost, susceptibility to bias, and need for clear resolution rationale present serious
impediments for ethical mental health prediction.

Bayesian and probabilistic models, which explicitly capture uncertainty and population
prevalence of agitation and anxiety disorders, provide an alternative paradigm. These methods
make it easier to assess the credibility of the intervals and to take a principled approach to the
incorporation of earlier data, improving interpretation and epidemiological relevance.
However, Bayesian models depend greatly on premium, linked longitudinal data, and well-
defined priors; weak or biased priors can lead to deceptive inference and a rapid increase in
model dimensionality.

Recent integrated NLP frameworks emphasize methodological ambiguity, fairness, and
interpretability in terms of predictive performance. They also reveal a persistent gap between
a high-performance model and clinically applicable results due to larger methods for bias
suppression, reproducibility, and moral supervision. The current systems regularly optimize
accuracy (70-90% F1-score range) without adequate causal mechanisms and other support
intervention tactics, limiting their translational impact in applied mental well-being care [25].
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3. Dataset

The present research is based on gathering online posts with particular content about
bipolar disorder, anxiety, and depression via Facebook and Twitter. Several filtering methods
based on hashtags and keywords were used to gather the posts. As indicated in Table 1, the
gathered posts contain a variety of textual information. Three social media datasets with over
1.6 million posts—Sentiment140, Twitter Depression Dataset, and FB Sentiment were used to
test the suggested framework. A stratified split of 70:15:15 was used to separate the dataset
into training, validation, and testing sets.

Table 1. Dataset Used for the Proposed Research

Dataset Platform Sample Size Label Categories
Sentiment140 [26] Twitter 1,600,000 tweets Binary sentiment (Positive, Negative)
Twitter Depression Dataset | Twitter ~20,000 tweets* Depression-related (Depressed, Not
[27] Depressed)

FB Sentiment [28] Facebook | ~6,000 comments* Sentiment (Positive, Negative, Neutral)

This study examines publicly accessible social media textual data for the prediction of
psychiatric disorders. The study adheres to ethical guidelines for using online data and ensures
the privacy and security of users' information. The proposed framework is intended for research
and early screening support only; it does not replace professional clinical diagnosis.

4. Proposed Methodology

Mathematical formulations are included in the suggested framework to make the
methods clearer and easier to repeat. In this instance, the formal representations of the
preprocessing pipeline, sentiment scoring mechanism, emotion classification using the softmax
function, Latent Dirichlet Allocation, and the computation of the Linguistic Inquiry and Word
Count category are exhibited. Using these formulations will make the computational methods
used in the suggested system clearer.

The proposed approach uses new ways to utilize computers in examining mental health
problems discussed in online networks. After collecting relevant posts from Facebook and
Twitter, data are cleaned, tokenized, and normalized. For cognitive study, BERT emotion
modeling, LDA, and LIWC are used to obtain features. After training and validating the
Random Forest classifier with labeled datasets, steps similar to Recursive Feature Elimination
(RFE) are used to select the most important features. Using information from social media,
Figure 1 describes the process of utilizing machine learning for the analysis of mental health
issues. After collecting the relevant articles from various social media sites like Facebook and
Twitter, the pre-processing stage involves cleaning the text, tokenization, and normalization.
Then, the data is processed using LDA and LIWC for cognitive analysis, BERT for emotion
recognition, and sentiment analysis for feature extraction. After that, the significant features
are extracted using techniques like Recursive Feature Elimination (RFE). Then, to enable the
prediction of mental health statuses and to identify various patterns for severe mental health
symptoms and early signs of mental health issues, the model is used.
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Figure 1. Design of the Proposed Approach to Mental Health Analysis

4.1 Data Preprocessing

The social media data was preprocessed using an algorithm to prepare it for the machine
learning objective of predicting good health.

4.1.1 Text Cleaning

Text cleaning is the elimination of unnecessary components from raw data, such as
URLSs, hashtags, comments, and unique symbols.
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Let x; be the original text of the dataset's current i™ post. The cleaned text x; acquired
after a succession of operations will be assigned to equation (1).

x; = remove_hashtags(remove_mentions(remove_urls(x;)) ) (1)

4.1.2 Tokenization

Tokenization splits the cleaned text x; into individual tokens (words):
T; = tokenize(x;) ()

where T; = {t;q, tiz, ... tim}. If x{ = "I feel sad", the tokenization process would yield
T; = {"I","feel","sad"}.

4.1.3 Lowercasing

To keep the text data consistent, the tokens are changed to lowercase.

4.1.4 Stopword Removal

99 C6; 9% ¢

Common terms like “the”, “is”, ““and” are eliminated since they often don't add anything
significant to the analysis.

4.1.5 Stemming / Lemmatization
The stem lowers all tokens to the base arrangement (root). For instance, the words "run"

and " run" are reduced to "run". Lemmatization can be used alternatively, which reduces tokens
to their basic form.

4.1.6 Algorithm for Cross-Platform Dataset Alignment for Mental Health Prediction

Input:
« Raw social media datasets D) = {(pi(s),yi(s))}from platforms s € {Twitter,Facebook}
e Sentiment lexicon
e Pretrained BERT emotion model
e LDA topic model (K topics)
e LIWC dictionary
Output:
e Aligned dataset D = {(f{, y;)}
Steps
Begin
1. Initialize an empty aligned dataset D
2. For each dataset D®from platform s:
2.1 For each post pi(s) € DG,
Step 1: Text Preprocessing
Remove URLs, mentions, hashtags; tokenize; lowercase; remove stopwords;
lemmatize.

Bi = P(p;”)
Step 2: Label Mapping
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Map original labels into {Depression, Anxiety, Bipolar}.
yi = M)
Step 3: Sentiment Extraction
Compute sentiment polarity score S;using lexicon-based analysis [25].
Step 4: Emotion Feature Extraction
Obtain emotion probability vector (sadness, anger, joy, fear, neutral) [24].
E; = BERT(5))
Step 5: Cognitive Topic Modeling
Extract topic probability distribution [26].
T; = LDA(p;)
Step 6: LIWC Cognitive Feature Extraction
Compute normalized cognitive category ratios.
L, = LIWC(f,)
Step 7: Feature Vector Construction
fi = [S;, Ei, Ty, Li]
Append (fp y;)to D
End For
End For
3. Feature Normalization
For each feature dimension
Apply z-score normalization across all samples.
’ fij— 1
fij — ]0.]_ )
4. Return the aligned dataset
D = ()}
End

4.2 Feature Extraction

Sentiment analysis, emotion recognition, and cognitive evaluation are important factors
to consider when analyzing mental fitness through digital media data. Sentiment analysis and
emotion recognition use technologies such as TextBlob to analyze the sentiment of a post and
to identify tokens that classify the content as damaging, impersonal, or high quality. LDA 1is
used to develop a model for cognitive evaluation, and the LIWC tool is used to identify
language distortion. By considering these factors, it is possible to obtain comprehensive
information about the cognitive and emotional activities reflected in digital media postings,
which may help predict mental illnesses such as depression and anxiety.

4.2.1 Sentiment Analysis

The objective is to categorize the post as good, negative, or neutral by assigning a
sentiment score based on the post's overall polarity. Let T represent the text of a post, and
Wy, Wy, ..., W, be the individual words in the post. Each word w; is assigned a sentiment score
S(w;), which could range from —1-1—1 (negative sentiment) to +1+1+1 (positive sentiment).
A threshold value was set in order to establish the boundary between neutral, positive, and
negative sentiments. If the value of the sentiment polarity falls in the range of -0.05 and +0.05,
is considered neutral; otherwise, it is considered either positive or negative, depending on the
situation.
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This score is determined by a sentiment lexicon or a pre-trained sentiment model.
Lexicon-based sentiment analysis, specifically the TextBlob polarity lexicon, was chosen for
large-scale social media text analysis in [24, 25]. Lexicon-based sentiment analysis is
beneficial in terms of providing a clear sentiment score that is clinically interpretable. This is
particularly significant in mental health analysis. Unlike other sentiment analysis models based
on neural networks, lexicon-based sentiment analysis can be more easily mapped to cognitive
and emotion-based features.

4.2.2 Emotion Detection

Emotion detection involves utilizing a BERT-based model to recognize the emotion
expressed in a message. The BERT base uncased model was fine-tuned for emotion
categorization after pre-training on BooksCorpus and English Wikipedia. Emotion detection
was represented as a single-label, multi-class classification problem, using the maximal
softmax probability, with each post being classified as having a dominant emotion: sorrow,
anger, joy, fear, or neutrality.

The emotion identification module utilizes the BERT base uncased model and fine-
tunes it on datasets of emotion-labeled social media to adapt contextual representations to the
characteristics of informal language. To address temporal drift, the models are trained on large-
scale social media datasets over multiple years. The learned models can then adapt to changes
in language and emotional expression over time. The framework does not use pre-defined
emotion labels; instead, it utilizes continuous probability distributions of emotions that can
handle progressive temporal changes in users' behavior. Let T = [wyq,wy, ....,w,]| be a
sequence of expression embeddings produced by a BERT model trained on a given term in the
post. BERT will output and embedding vector £(7) for the entire post:

T = [EW1), EWy), ..., E(wy)] €)

These embeddings E(7) are via a layer of classification, wherein the probability of the
emotion can be predicted. Here, k represents an explicit emotion (e.g., sadness, anger, joy).
The probability P (e, |T) of post T expressing emotion e, is computed using a softmax (4).

82k

T @

P(e,|T) =

where:

«  zj is the output score from the BERT classification layer for emotion £.

- mrepresents all of the types of emotions.

«  P(er|T) € [0,1] represents the likelihood of emotion e, in response to the post.

To determine the dominant emotional state in a post, an emotion dominance threshold
was applied. An emotion label was assigned only if its predicted probability exceeded 0.35. If
no emotion probability surpassed this threshold, the post was categorized as neutral, reducing
ambiguity in emotion assignment.

Equation (5) indicates that the emotion with the highest probability is allocated to the
post.

ISSN: 2582-4104 162



Angelin Jeba P., Jemima Jebaseeli T.*, Selvarathi M., Achal Shaji, Ivine Thomas, Agilesh Vigram S.

Emotion(T) = arg max P(ey|T) (5)
k

A post was considered neutral if its sentiment polarity score was between -0.05 and
+0.05, and no single emotion probability exceeded 0.35. This dual-threshold criterion
eliminates ambiguous assignments resulting from lexicon-only sentiment neutrality and
maintains coherence among sentiment and emotion formulations.

4.3 Cognitive Analysis

While LDA extracts latent themes for topic modeling, LIWC evaluates cognitive
distortions.

4.3.1 Topic Modeling (LDA)

The basis of the LDA model is that the content of a post is a mixture of certain topics,
and a topic is a group of words. The choice of the LDA model is based on its high
interpretability, lower computational cost, and flexibility in processing short texts, thus
enabling accurate alignment with clinically relevant cognitive patterns [3, 11]. Neural topic
models require a lot of data modifications and lack interpretability, thus unsuitable for
elucidative mental health research.

Let T be the post with n words: wy,w,, ....,w,] and K be the number of subjects
covered. LDA learns the topic distribution 87 for each post, where 07  indicates the percentage
of the topic k in post 7.

P(z,|T) = Or k (6)
P(w;lz) = Dpw, (7)

Dy, w, 1s the probability of word w; given topic z;. Overall likelihood of the post 7'being
composed of topics is shown in equation (8).

P(T) =[Ii, 25:1 P(w;|z)P(2x|T) 3

where K is the quantity of subjects, 87, describes the way the subjects are distributed
in the post.

For a topic £, let W), = {w;,w,, ..., wy} be the set of the top N words associated with
that topic. The average pairwise semantic similarity between word pairs is used to get the
coherence score, as shown in equation (9).

2 N N )
C,(k) = N(N-l)Zizl ijiﬂ sim( w;, wj) 9)
where:

«  N=number of top words per topic

+  w;, w;= word pairs in topic k
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- sim(w;, w;)= semantic similarity of words, usually calculated across a sliding

window using word co-occurrence statistics or Normalized Pointwise Mutual
Information (NPMI).

Equation (10) defines the semantic similarity between two words.

1 P(Wi'Wj)
OB\ PwpPw))

NPMI(w;, Wf) - —log P(wyw))

(10)
where:
+  P(w;, wj)= Co-occurrence within fixed context window

The final coherence score for the LDA model is the average coherence across all topics
is given in equation (11).

Cp == 2K, C, () (1)
where:

+  K=number of topics

Topic coherence C, scores, and perplexity reduction were used to estimate the ideal
number of latent topics for LDA. Topic counts K € {5, 10, 15} were used to train the models.
K = 10 produced the optimal trade-off between semantic coherence and interpretability,
whereas lower values of K produced themes that were too and higher values produced
fragmented and less interpretable issues. Hopelessness, self-focus, rumination, emotional
instability, and social disengagement were among the topics that matched clinically significant
cognitive patterns. For the next cognitive feature extraction studies, K = 10 was chosen.

4.3.2 Cognitive Distortion (LIWC)

The total word count of the posts was then used to modify the LIWC-based cognitive
characteristics, allowing for comparison of posts of varying lengths. This ensures that the
feature values indicate the proportions of cognitive category presence in relation to one another,
regardless of post length. The LIWC feature is calculated and added to the final feature vector,
which is then used in the classification process, in addition to the sentiment-, emotion-, and
topic-based features. .

LIWC analyses the cognitive content of the message by counting the number of words
in predefined cognitive types (e.g., causality, certainty, self-references). Let C;, be a specific
cognitive category (e.g., causality), 1(w; € Cy) serves as an indication function with value 1 if
term w; is included in category C, and O otherwise. For a post T = [wy w,, ....,wy,], the
category score ¢ (T) for category Cj, is the proportion of words in the post that belong to the
category, as shown in equation (12).

co(T) = w (12)

where ¢, (T)e [0,1] is the proportion of words in the post matching the category Cj.
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4.4 Feature Extraction

Recursive Feature Elimination (RFE), was employed to alleviate problems of feature
redundancy and overfitting by progressively discarding the least useful features according to
the model’s performance. The final feature subset includes emotion probability scores (5
features), sentiment polarity scores (1 feature), the top ten LDA topic proportions, and eight
cognitive categories from LIWC. The most discriminating emotional and cognitive features are
maintained in a more compact feature representation.

4.4.1 Multimodal Feature Extraction Algorithm for Mental Health Prediction

Input:
Social media text dataset T
Output:
Feature vector Fifor each postt; € T
Begin
1. For each post t; € Tdo
2. Text Preprocessing
Clean text by removing URLs, mentions, symbols, and stopwords;
Perform tokenization and lemmatization.
t = P(t;)
3. Sentiment Analysis
Compute sentiment polarity score:
S; = Sentiment(t;)
4. Emotion Feature Extraction
Apply a BERT-based emotion model to obtain emotion probabilities:
5. Topic Modeling
Generate topic distribution using Latent Dirichlet Allocation (LDA):
0; = LDA(E;)
6. Cognitive Feature Extraction
Extract cognitive linguistic features using LIWC:
7. Feature Vector Construction
F; = [S;, E, 05, Gi]
8. Store feature vector F;
End For
9. Return feature vectors
F={F,,F,,...,F,}
End

4.5 Model Training

The Random Forest classifier is a class that either predicts the average forest
development or classifies the sessions. However, in this case, emphasis is placed on
categorizing health and well-being posters, including assessing levels of depression or anxiety
using information from online networks. Each tree in this classifier is created independently,
which helps in reducing overfitting. The mean decrease in Gini impurity was used in
determining the significance of features in the Random Forest classifier. The total impurities
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are combined and normalized to give us the percentage for each feature in the Random Forest
classifier.

This method also explains the relative significance of feature categories: 35% of total
prediction performance is explained by emotion factors, 28% is explained by sentiment
polarity, 22% is explained by topic proportions, and 15% is explained by LIWC-based
cognitive features. The Gini-based significance metric offers an attainable and computationally
tractable method for evaluating feature relevance of the ensemble. Permutation significance
and SHAP analysis are two other advanced feature interpretation techniques that have been
proposed as possible enhancements.

Python and machine learning and natural language processing libraries, such as Scikit-
learn, Hugging Face Transformers, and Gensim, were used to implement each experiment.
Standard NLP libraries were used for text preprocessing and sentiment analysis, and a refined
BERT-base-uncased transformer model was used for emotion detection. The LDA
implementation from the Gensim library was used for topic modeling, and LIWC was utilized
for cognitive linguistic analysis. The Scikit-learn framework was used to implement the
Random Forest classifier.

4.5.1 Training on Labeled Datasets

Given a dataset D = {(X1,v1), (X2, ¥2), .... Xy, Yn)}, that resembles the mood, temper,
and cognitive characteristics recorded by a virtual media poster. Several decision trees are built
using various training data subsets in order to train a Random Forest model.

4.5.2 Hyperparameter Tuning

Random Forest has several hyperparameters, like the number of items to consider at
each split Mfeqpyres, the maximum tree depth max _depth, along with other factors. To
maximize performance, these hyperparameters are adjusted using methods like cross-
validation.

The hyperparameters used in the training of the models were carefully tuned to ensure
optimal performance. The range for each parameter used in this study is presented in Table 2.
The hyperparameters for the transformer-based BERT model, which also included the number
of epochs, maximum sequence length, and dropout rate, were set to range between le-5 and
3e-5 for learning rates and 16 and 64 for batch size, respectively [24].

Table 2. Hyperparameter Configuration for Emotion and Cognitive Analysis Models

Model/Tool Hyperparameter Values/Range

BERT-based Transformer Model | Learning Rate le-5, 2e-5, 3e-5
Batch Size 16, 32, 64
Epochs 3,4,5
Maximum Sequence Length 128, 256, 512
Dropout Rate 0.1,0.2

LDA No. of Topics 5,10, 15
Alpha 0.01,0.1, 1.0
Beta 0.01,0.1, 1.0

LIWC Dictionary Size Varies
Emotion Categories Yes/No
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The LDA model focused on the topics as well as the alpha and beta parameters, which
relate to the document themes and topic distribution, respectively. Furthermore, the participants
had the ability to add or remove emotional categories from the study using the LIWC tool's
variable-sized dictionary. The hyperparameters significantly boosted the models' capacity to
effectively pick up the emotional and cognitive changes in the social media content related to
mental health.

4.5.3 Handling Class Imbalance

There was a moderate degree of class imbalance in the datasets, with bipolar disorder
accounting for about 18% of all samples, depression for 46%, and anxiety for 36%. To maintain
class balance during training and evaluation, stratified sampling was used to compensate for
this imbalance. To further penalize the minority classes for misclassification, a class-weighted
Random Forest classifier was used. The class weights 0.72 for depression, 0.92 for anxiety,
and 1.36 for bipolar disorder, were inversely correlated with the class frequencies.

4.5.4 Experimental Setup

The proposed research process was conducted on a workstation with an NVIDIA RTX
3080 GPU and 32 GB of RAM, as shown in Table 3Completing the entire process required
approximately three hours, with BERT tuning requiring the most time. Relatively low
computing costs were required during the training of the Random Forest model and the feature
extraction process from all the datasets.

The proposed framework has been efficient and suitable for real-time emotion
categorization, as the average inference time per post has been less than 120 ms.

Table 3. Experimental Setup and Time Complexity

Component Details / Time
Hardware Setup NVIDIA RTX 3080 GPU, 32 GB RAM
BERT Fine-tuning ~2.1 hours
Feature Extraction (all datasets) ~45 minutes
Random Forest Training ~6 minutes
Total Pipeline Time ~3 hours
Average Inference Time per Post <120 ms
Deployment Suitability Real-time capable

4.6 Prediction and Analysis of Mental Health Status

The aim of the prediction and analysis stage of the mental health status assessment is
to use the trained model to predict individuals’ mental health conditions and identify patterns,
such as severe depressive symptoms and early signs of bipolar disorder. The methodology
involves cleaning social media text and extracting sentiment, emotion, and cognitive features
through NLP techniques, and classifying mental health conditions using a random forest model
to make accurate predictions of disorders such as depression and anxiety according to the
following steps.
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4.6.1 Algorithm of Mental Health Prediction Model

Input:
Social media posts D, corresponding labels Y
Output:
Predicted mental health class y
Training Phase
1. For each post p € D do
2. Text Preprocessing
Clean text (remove URLSs, mentions, symbols)
Tokenize and lemmatize text.
3. Sentiment Analysis
Compute sentiment score:
S(p) = (1/n) Z score(wi)
4. Emotion Feature Extraction
Use the BERT model to obtain the emotion vector:
E(p) = [e1, €2, €3, €4, €5]
5. Cognitive Feature Extraction
Extract topic distribution using LDA:
T(p)=[t1, to, ..., t]
Extract LIWC cognitive features:
C(p)=[c1,c2, ..., Cm]
6. Feature Vector Construction
F(p) = [S(p), E(p), T(p), C(p)]
End For
7. Feature Selection
Apply Recursive Feature Elimination (RFE) on F
8. Model Training
Train a Random Forest classifier using selected features
9. Model Evaluation
Evaluate using Accuracy, Precision, Recall, and F1-score
Prediction Phase
10. For a new post, q do
11. Preprocess q
12.  Extract features F(q)
13.  Predict class using the trained Random Forest model.
§ = RF(F(q))
14. Return predicted class §
End

Input Post
I feel hopeless and tired every day. Nothing makes me happy anymore.
Output
Predicted Class = Depression
The final class label was determined based on the predicted probability from the

Random Forest classifier. For class assignments, a default probability threshold of 0.5 was
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applied; probabilities greater than or equal to 0.5 signified the existence of the target mental
health condition.

5. Results and Discussions

The suggested method was able to recognize early bipolar disorder symptoms based on
mood swings and acute emotions, and it was able to recognize severe depression symptoms
based on negative sentiments and melancholy. A competent cognitive subject passage with
impulsiveness and despair, a high probability distribution of emotion, and divergence between
joy, anger, and despair are all characteristics of bipolar disorder, along with high sentimental
changes, and high levels of emotional changes and mood swings. Bipolar expression can be
distinguished from steady sentiment swings. It is easy to differentiate between anxiety and
depression, which usually carry characteristics of language associated with depression, such as
a distinctive verbal and affectional pattern [9]. The results show that the model can provide
timely, and useful context, along with a scalable solution for timely diagnosis.

Standard measures such as accuracy, precision, recall, F1-score, and AUC-ROC were
used to assess the model's performance.

Table 4. Metrics of Performance for the Proposed Algorithm

Metric Value %
Accuracy 95
Precision 94
Recall 93.7
F1-Score 94.8
AUC-ROC 98.9

The proposed method utilizes cognitive analysis and emotion analysis techniques for
predicting mental health issues, as presented in Table 4. The total F1 score is slightly higher
than the individual report accuracy (95%) and the total recall (93.7%). The class F1 scores of
depression and other classes are very high (97.2%), and thus the macro/weighted averaging
method produces a slightly higher F1 score. Instead of changes in the measure, the proposed
method offers balanced classifier performance with few false positives and false negatives.

Table 5. Class-Wise Performance Analysis of the Proposed Mental Health Prediction Model

Disorder Type Precision (%) Recall (%) F1-Score (%)
Depression 96.3 95.9 97.2
Anxiety 91.7 91.5 92.6
Bipolar 94.0 93.7 94.9
Overall 94.0 93.7 94.8

The class-wise evaluation, as depicted in Table 5, shows a significant improvement in
the accuracy of prediction for all types of mental health illnesses, along with enhanced global
metrics of the model. A balanced classifier with high generalization capability, lower false
positive and false negative rates, and consistent multi-class identification techniques is
proposed for large-scale mental fitness prediction using online social media data.
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Figure 2. Confusion Matrix Analysis

A detailed, class-wise analysis of the proposed multi-class psychiatric prediction model
for bipolar disorder, anxiety, and depression is presented in Figure 2. The presence of higher
real values for each class in the most common diagonal entry shows that the model is highly
discriminative and capable of class segregation. The extremely low misclassification rates for
bipolar and depressive disorders show that the model is capable of identifying the emotive and
cognitive language characteristics of these disorders.

Table 6. Feature Importance Analysis for Mental Health Prediction

Feature Type Importance (%)
Sentiment Polarity 28
Emotion Scores 35
Cognitive Topics 22
LIWC Categories 15

Cognitive topics are able to capture 22% of the relevance from the LDA version, as
shown in Table 6. This indicates that concepts of hopelessness, self-concern, and distress play
a significant role in categorization because they capture semantic associations in a detailed
way, going beyond indicators of external emotions. Functional words and psychologically
inspired lexical patterns, as in [11], are significant, but to a lesser degree, as demonstrated by
the cognitive types based on LIWC, which capture 15%.

Table 7. Comparison of Proposed Models with Competitive Models

Method (single citation) Accuracy Precision Recall F1-Score AUC-ROC

(%) (%) (%) (%) (%)

Naive Bayes (NB) [2] 78.4 76.9 74.8 75.8 81.2

Logistic Regression (LR) [20] 82.6 81.3 80.5 80.9 85.7

Support Vector Machine 86.9 87.2 85.4 86.3 90.1

(SVM) [16]

Random Forest (RF) [9] 88.3 88.9 86.7 87.8 91.6

Gradient Boosting (XGBoost) 90.5 91.2 89.6 90.4 93.8

[6]

CNN-based Text Classifier 91.8 92.5 90.9 91.7 95.1

[22]

LSTM / Bi-LSTM [3] 92.6 93.1 91.8 92.4 96.0

Proposed Model 95 94 93.7 94.8 98.9
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With a 95% accuracy rate, 94% precision, 93.7% recall, 94.8% F1-score, and 98.9%
AUC-ROC, the suggested framework is the most reliable approach to predict a person's well-
being, outperforming all traditional and deep learning models, as shown in Table 7. To evaluate
the effectiveness of the suggested framework, it was compared with several baseline models
including Support Vector Machine, Convolutional Neural Network, and Long Short-Term
Memory. These models were selected based on their use in predicting mental health and text
classification. The models were trained on the same data to ensure consistency. From the
comparison results, the suggested framework outperforms all other models.

Table 8. 5-Fold Cross-Validation Outcomes of the Proposed Model

Fold Accuracy Precision Recall F1-Score AUC-ROC
Fold 1 0.92 0.91 0.90 0.90 0.94
Fold 2 0.93 0.92 0.91 0.91 0.95
Fold 3 0.94 0.93 0.92 0.92 0.96
Fold 4 0.95 0.91 0.90 0.90 0.94
Fold 5 0.95 0.92 0.91 0.91 0.95
Mean + Std | 0.94 +0.008 | 0.92 +0.008 | 0.91 +£0.008 | 0.91 +£0.008 | 0.95 +0.008

The 5-fold cross-validation was used to test the robustness of the suggested framework,
as presented in Table 8. Five different subsets of the dataset were used, with each fold
consisting of four folds for training and one fold for validation. The performance of each fold,
along with the mean and standard deviation, is presented in Table 8. The results indicate the
consistent performance of the suggested model, and it is evident that the suggested model is
not significantly affected by the variance.

Training vs Validation Loss Curve
—— Training Loss
0.7 ; .
Validation Loss
0.6
0.5
(%)
w
=
0.4
0.3
0.2 1
2 4 L+ 8 10
Epochs

Figure 3. The Training and Validation Loss Curves for the Suggested Model

The training and validation losses of the model, which was trained for more than ten
years to predict mental diseases, are presented in Figure 3. The training loss has been gradually
decreasing over time from 0.68 to 0.18, which shows that the model learned and converged
well. Simulateneously, the validation error has been decreasing from 0.72 to 0.29 demonstrates
that the model has good generalization performance and low overfitting.

Journal of Trends in Computer Science and Smart Technology, March 2026, Volume 8, Issue 1 171



Emotion and Cognition Based Mental Health Analysis from Social Media

1.0 1 —e— Before Calibration . - —®
After Platt Scaling | T~ Prad
——~- Perfect Calibration [ ,/
0.8 g
= f’/
=) -
g e
S 0.6 -
o -7
= -
=
2
5 0.4
&
=]
0.2
0.0 1
0.0 0.2 0.4 0.6 0.8 1.0
Predicted Probability
Figure 4. Calibration Curves Before and After Platt Scaling
1.0 4 ROC Curve for Proposed Mental Health Prediction Model
0.8 A
]
[}
o
o 0.6 4
2
=]
‘@
o
o
()]
0.4 4
&
0.2
—— Proposed Model (AUC = 98.9)
Random Classifier
0.0 -
0.0 0.2 0.4 0.6 058 1.0
False Positive Rate

Figure 5. ROC Curve for Classifying Mental Health Disorders

The reliability of the predicted class probabilities was checked using Platt scaling on
the validation set, as shown in Figure 4. Calibration plots showed a high degree of consistency
between the predicted probabilities and the result frequencies of all classes. After calibration,
the Expected Calibration Error (ECE) reduced from 0.064 to 0.021, and the Brier score
improved from 0.118 to 0.092, indicating well-calibrated output probabilities.

The ROC curve in Figure 5 describes the relationship between the True Positive Rate
and the False Positive Rate at different levels of categorization. The proposed method possesses
almost perfect class separation and discriminative power, as confirmed by the Area Under the
Curve (AUC) value of 0.989. The versatility of the integrated emotion cognitive feature
learning paradigm is verified by how close this curve is to the top-left corner, which indicates
high sensitivity and a low False Positive Rate. The results emphasize the importance of
recognizing and detecting mental health issues at early stages, as these factors are critical in
determining how these issues are addressed in a customized manner. The results also pave the
way for further research regarding how mental health issues are addressed using advanced
technology, thus opening the door for creative minds.
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Moreover, paired t-tests were employed to statistically verify the improvement in the
performance of the suggested model over CNN and LSTM models. It was observed that all the
accuracy enhancements were statistically significant in terms of all parameters for which
evaluation was performed, and all confidence intervals did not overlap. These findings verify
that the enhancements observed in the suggested model are significant and cannot be attributed
to random variation.

Overall, this research provides insightful information regarding the relationship
between technology and mental health, emphasizing the importance of continuous
improvement in predictive models to improve mental health outcomes.

6. Conclusion

The proposed research highlights the importance of using social media as an instrument
in understanding and predicting mental health concerns in real-time. To create an accurate
predictive model with 95% precision, the proposed research has been carried out using the
latest techniques that incorporate the power of emotional processing and cognitive analysis
with potent machine learning techniques. The technique is important as it provides crucial
information about peopl’s mental health based on their social media interactions by
successfully identifying and evaluating emotional expressions associated with depression,
anxiety, and bipolar disorder. The study has improved understanding of the complexities of
mental health by using cognitive analysis tools like LDA and LIWC, as well as a transformer-
based BERT model for emotion recognition. The study has also demonstrated the model’s
ability to identify early symptoms of bipolar disorder and depression, thereby emphasizing the
need for a flexible system in today’s technological era. The study has opened doors to
introducing technology in mental health treatments, leading to new avenues of research and
creating a proactive mental health support system.
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