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Abstract
Objectives: Prompt and correct recognition of depression from social media
posts presents an economic, non-invasive method of managing mental
health. However, the current models typically perform poorly on very
subtle contextual and emotional hints, resulting in not-so-optimal detection,
especially about severity levels. Methods: This study introduces ACSAT—
an Adaptive Contextual Sentiment-Aware Transformer—that endorses a
transformer encoder, a sentiment-aware attention model, and severity-
sensitive contrastive learning, which uses margin-weighted separation and
balanced sampling to capture both categorical differences and the ordinal
progression of depression severity. The model is trained on user posts to
label depression into three categories: None,Moderate, and Severe. Themodel
weighs emotionally meaningful tokens adaptively and learns fine-grained
distinctions in the linguistic presentation of depressive symptoms. Findings:
The ACSAT model was tested on the Mental Health Disorder Detection Dataset
from Kaggle; the data was processed using stratified fold cross validation
to make for a robust experiment. The model achieved an accuracy of 96%,
precision of 94%, recall of 95%, and F1-score of 92%, consistently beats all
baseline models such as Support Vector Machines (SVM), Random Forests (RF),
and classical NLP classifiers. The enhanced performance is mainly driven by
ACSAT’s dual sensitivity to both contextual semantics and emotional nuances.
All baselines were tuned using the same preprocessing, features, and stratified
fold splits with nested cross-validation for hyper-parameter tuning and testing,
in order to compare themodels fairly without test leakage.Novelty: In contrast
to previous models, ACSAT uses contextual embeddings combined with affect-
sensitive attention and applies depression severity-specific contrastive learning
better to identify subtle variations in effect between social media posts. ACSAT
is thus a strong, generalizable, early and scalable depression detectionmethod.
Keywords: Depression detection; Mental health prediction; Social media
mining; Contrastive learning; Text classification; Psychological disorder
detection; Emotion-aware AI
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1 Introduction
Depression is a disabling and prevalent mental disorder that impacts over 264 million individuals worldwide. Depression is
typically underdiagnosed or diagnosed late because conventional diagnosis by clinical interview and self-report questionnaires
is slow and subjective. While social media has become an increasingly popular means of expression, there lies potential in
utilizing Artificial Intelligence (AI) to identify depression symptoms in a cost-effective, scalable, and non-invasive process.

Recent advancements in Deep Learning (DL) and Machine Learning (ML) have allowed for design of systems that can
identify complex patterns found in textual, physiological, and clinical data. For instance, a systematic review (1) indicated the
proliferation of ML/DL for depression detection in social media, point to the growing emphasis of research in this field. For
example, (2) usedDLmodels for the prediction of treatment response in patients suffering fromdepression, whereas (3) used large
volumes of social media text to identify symptoms of depression. There have been other studies that investigated multimodal
data fusion with audio, video, and physiological signals (4) or constructed prediction models on Electronic Health Records
(EHRs) for predicting post-stroke depression (5).

The use of user-posted social media data has also been extremely promising. (6), (7) constructed DL models that successfully
detect depressive behavior on tweets and Chinese microblogs with better performance than conventional classifiers. Also,
anxiety and stress detection as comorbid with depression has been proposed through ensemble ML methods (8), (9). Context-
aware and transformermodels, including themodel developed by (10), also complement user context in task prediction ofmental
health.

Thesemodels are also bound to be limited in their ability to grasp the subtlety of emotion and linguistic fine-grained patterns
characteristic of depressed language. Most of these models are geared towards binary classification (not depressed/depressed)
and not towards the significance of recognizing severity levels, such as Moderate or Severe depression. Sentiment analysis that
is popularly used is often also constrained to being an auxiliary task and not deeply embedded in the model’s decision-making.

Previous approaches may fall short in capturing emotional nuance for different reasons. Some models use generic
embeddings (e.g. word2vec or GloVe) that do not expose subtle affective cues, while other models do not leverage affective
lexicons or sentiment features and are thus less capable of finding emotionally informative expressions altogether. Additionally,
shallow classifiers or any basic CNN/RNN layers restrict their ability to model contextual effects around emotional change.
These examples illustrate some of the reasonings behind the framework ACSAT, which uses sentiment-aware attention and
severity-aware contrastive learning to capture emotional nuances in language related to depression more effectively. ACSAT
applies severity-aware contrastive learning; a layer of complexity over standard contrastive learning, in that it weights separation
margins according to severity levels of depression classification. Instead of treating all classes equally relative to one another,
such as in standard contrastive learning (ERC time-frame), the severity-awaremethodmeans that we require greater separation
between distant classes (None and Severe), and smaller separation between closer classes (e.g. None and Moderate). We are
reflective and were cautioned by the ordinal aspect of depression severity level in not assuming the same equal spaces between
the examples but using a more subjective approach to similar patient or facet levels together, therefore reflects the nature of how
we deal with questions of depression severity.

Research Gap:
Despite impressive advancements, the following shortcomings are noted in the current literature:

• Lack of emotion integration: Current models do not have emotion-aware mechanisms that assign priority to emotive
tokens essential for depression detection.

• Insufficient state granularity in classification:TheMajority ofmethods engage in binary classificationwithout investigating
intermediate or extreme depressive states.

• Lack of contextual consideration: Models tend to lack the capability to monitor fine-grained changes in language use or
implied emotion, particularly in noisy social media streams.

• Insufficiency of severity-aware representation learning: Contrastive learning approaches tailored for depression severity
remain less explored in existing literature.

They collectively diminish the capability of current systems for achieving accurate, sensitive, and early-stage depression
detection, particularly in real-world scenarios using multiform language expressions in addition to shifting emotional tone.

Contributions:
To overcome the issues above, this paper proposes ACSAT—an Adaptive Contextual Sentiment-Aware Transformer model

that:

• Uses a sentiment-aware attention mechanism to pay attention to affectively important tokens in user-submitted social
media content.
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• Utilizes a severity-aware contrastive learning approach to predict between None, Moderate, and Severe depression
categories.

• Outperforms baseline models like SVM, Random Forest, and standard NLP classifiers (96% accuracy, 94% precision, 95%
recall, 92% F1-score).

• Provides a context-sensitive, non-invasive, and scalable solution for real-time mental health monitoring, ready for
implementation in digital mental health platforms and public health programs.

These limitations together are obstacles to the provision of present systems in accurate, sensitive, and early-onset depression
detection, particularly under real-world conditions involving multilingual modes of language and variable emotional tone.

Organization:This paper is structured such that Section 2 explains the dataset, preprocessing steps, andmodel configuration.
Section 3 presents the experimental setup, outcomes, and performance analysis. Section 4 provides a discussion on results,
limitations, and future work directions. In section 5, the references are cited.

Table 1. Contribution Comparison of various authors’ work
Data Type Techniques

Used
Limitations Key Contribution How ACSAT Advances OverThis

Work
Neuroimag-
ing
(fMRI) (11)

Random Forest,
feature
extraction

Expensive, non-scalable
modality; not text-based

Diagnosed with anxious
depression using imaging
biomarkers

Uses low-cost, scalable text input;
adaptable to social media context

Clinical &
Demo-
graphic (12)

MLmodels
(unspecified)

No emotional or linguistic
analysis; binary prediction

Identified postpartum
depression risk

Introduces context- and
sentiment-aware modeling with
severity grading

Social
media com-
ments (13)

ML classifiers
(e.g., NB, SVM)

Ignores context and
sentiment; lacks
severity-level detection

Applied ML on user
comments for depression
screening

Uses an advanced transformer with
attention and contrastive learning

Brain
Imaging
(MRI) (14)

DL
(segmentation
networks)

Invasive method, limited to
clinical settings

Detected structural
markers of depression

ACSAT is non-invasive, text-based,
and deployable in real-time systems

Clinical +
Psychoso-
cial (15)

ML with feature
engineering

No language-based emotion
recognition; no real-time use

Built a predictive model for
antenatal depression

Enables early detection via daily
digital footprint (social media text)

Social
Media
Text (16)

Transformer +
Contrastive
Learning

Binary classification only;
lacks personalized expression
modeling

Sentiment-aware
transformer for depression
detection

ACSAT improves with multi-class
prediction and deeper
sentiment-context fusion

Social
Media
Text (17)

Transformer +
Auxiliary
Features

No severity-level detection;
limited emotional attention

Used auxiliary features to
improve BERT
performance

ACSAT integrates direct affective
signal modeling with contrastive
learning

Chat logs,
chatbot
input (18)

BERT +
Psychological
First Aid

Focused on chatbot design,
not fine-grained
classification

Detected emotional distress
in conversations

ACSAT specializes in clinical-level
detection from passive user text

Social
Media
Text (19)

Transformer-
based
classifiers

No contrastive learning or
sentiment attention

Detected depression
severity from posts

ACSAT adds an adaptive fusion of
emotional and contextual semantics

2 Methodology
The research methodology used in this work is centered on designing a strong and smart depression prediction model by
the adaptation of the Adaptive Contextual Sentiment-Aware Transformer (ACSAT) model. This part outlines the selection
of the dataset, preprocessing, model design, and evaluation plans. Natural Language Processing (NLP) and DL transformers
are combined to extract semantic context and emotional signals from user-generated text data. Baseline comparison models
like SVM, RF, and plain vanilla NLP classifiers are utilized in performance benchmarking. The measure of establishing key
performance indicators, like accuracy, precision, recall, and F-measure, is utilized in determining the efficiency of the proposed
model to diagnose depression correctly.
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Fig 1.Overall Architecture

Figure 1 is the general structure of the Adaptive Contextual Sentiment-Aware Transformer (ACSAT) depression prediction
model. The process starts with the acquisition of text data, which is fed into a text preprocessing module to preprocess
and tokenize the data. The preprocessed inputs are then fed into a transformer encoder that acquires contextual semantics.
Simultaneously, a sentiment-aware attention module computes the emotional importance of every token, giving more
importance to highly emotionally important words. Both modules’ outputs are concatenated in the depression severity level
prediction classification layer (None, Moderate, or Severe) to yield the final output for every user input.

2.1 Dataset Description

Dataset Link: https://www.kaggle.com/datasets/nazmussakibrupol/mental-health-disorder-detection-dataset
The Mental Health Disorder Detection dataset (Kaggle) represents expert-annotated text samples indicating symptoms of

various mental health conditions.The dataset includes seven clinical disorder categories and provides high-quality labeled data
for supervised learning.This dataset has been constructed for use with Natural Language Processing (NLP) based classification
tasks and enables robust model evaluation for depression and associated mental health detection.The dataset does not describe
their exact annotations for the depression severity labels. Although useful for a benchmark for methodological evaluation
purposes, these restrictions should be considered when making judgments on results generalizability.

There is a class imbalance in the None, Moderate, and Severe categories of the dataset. To compensate, 5-fold stratified
cross-validation was used to preserve class distributions, class-weighted loss functions were implemented, and mini-batches
were balanced between severity levels at training time.

2.2 Adaptive Contextual Sentiment-Aware Transformer (ACSAT)

Adaptive Contextual Sentiment-Aware Transformer (ACSAT) is a new state-of-the-art advancement in the identification of
depression using social media analysis. It combines sentiment analysis and transformer-based models for better detection of
depressive states based on text information. The model harnesses the strength of pre-trained language models and identifies
weak contextual and affective signals implied in user posts. The model uses an adaptive process that continuously adjusts
itself based on varying intensities of sentiment so that it can differentiate more effectively between non-depressed, moderately
depressed, and severely depressed subjects. Adaptability is critical because it captures the depressive symptom continuum
and the varied linguistic expression of symptoms. Through the addition of sentiment-aware features, ACSAT can more
effectively distinguish between linguistically similar patterns that can manifest different emotional states and, therefore, reduce
misclassification rates. The application of severity-aware contrastive learning enhances the capacity of the model to learn fine
distinctions in depression severity. Experimental studies have validated that ACSAT is better than baseline transformer models
due to the fact that it delivers higher macro F1 scores in depression severity detection tasks. The breakthrough highlights the
importance of incorporating sentiment and context awareness into ML models for mental health tasks.
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The creation of ACSAT aligns with increasing awareness regarding social networking websites as an efficient means for
information monitoring of mental health, especially an extensible and noninvasive method of early detection and intervention
techniques. With specific accuracy in people at risk, ACSAT helps their timely assistance and interventions for depressive
patients. The model’s architecture also acknowledges the value of individualized assessment, taking into account variations
in language use and affect expression between individuals. The individualized treatment makes the model more robust
across populations and linguistic styles. The success of ACSAT further identifies the value of integrating state-of-the-art NLP
technology with psychological knowledge to treat complex mental disorders. Future studies can investigate the application of
ACSAT in other psychological illnesses to broaden its use in the mental health diagnosis and support network.

Fig 2. Architecture of Adaptive Contextual Sentiment-Aware Transformer (ACSAT)

Figure 2 depicts the in-depth structure of the Adaptive Contextual Sentiment-Aware Transformer (ACSAT) model used
for predicting depression. The process begins with text input, which is converted into semantic vector space representations
in the Embedding Layer. Such embeddings are given as input to a Transformer Encoder, which goes deep into contextualized
relationships in the text. At the same time, the Sentiment Scoring Module provides tokens with emotional weights so that
the Sentiment-Aware Attention Mechanism can attend to emotionally relevant information. The mechanism also allows the
model to pay more attention to depression words more effectively. A Contrastive Learning Layer enhances representations by
separating various levels of depression severity. Lastly, the processed context is input into a Classification Layer that provides
the depression prediction result, labeled as none, moderate, or severe. Such a structure well integrates linguistic context and
affective sentiment to enhance depression detection accuracy.

𝐸𝑖 = 𝐸𝑚𝑏𝑒𝑑(𝑤𝑖) (1)

Equation (1) is the conversion of a word 𝑤𝑖 into a high-dimensional vector representation from a pre-trained embedding
model. This conversion captures the semantic meaning of the word, allowing the model to understand language contextually.

𝐻 = 𝑇 𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝐸) (2)

Equation (2) is also called passing the word sequence embedded into a Transformer encoder. This embeds contextual
relationships between words to allow the model to learn how each meaning of a word changes depending on its context.

𝛼𝑖 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑆 •𝐻𝑖) (3)

Equation (3) is a formula for sentiment-sensitive attention weight for token i. In this case, the contextual embedding 𝐻𝑖 is
combined with the sentiment score 𝑆 and normalized via softmax to highlight emotive tokens for depression detection.

𝐶 = ∑𝑖 𝛼𝑖 •𝐻𝑖 (4)

Equation (4) computes the final context vector by summing all token representations. 𝐻𝑖 together, each of which is weighted
by its sentiment-sensitive attention score 𝛼𝑖. The vector 𝐶 preserves the emotionally and contextually significant information
of the whole text.

𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒 = ∑𝑖,𝑗 𝑦𝑖𝑗 • ‖𝐶𝑖 −𝐶𝑗‖2 (5)
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Equation (5) defines contrastive loss, which pushes similar samples of the same depression severity (where𝑦𝑖𝑗 ) to be similar
shares context vectors𝐶𝑖 and𝐶𝑗. It pushes the model to differentiate between depression levels more by maximizing inter-class
distance and minimizing intra-class distance.

To account for the ordering that naturally exists among depression levels, ACSAT uses a margin-weighted supervised
contrastive loss. Posts with similar severity levels are encouraged to come closer in the embedding space while creating
separation margins for posts when the severity classification levels vary (e.g., more separation is enforced between the None
and Severe levels thanNone andModerate). Mini-batches where the severity levels are balanced allow for a good representation
of both positive and negative pairs. This approach ensures that the embedding space will encode both categorical contrasts and
ordinal increase in depression severity; thus, providing better classification for the downstream task.

̂𝑦 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊 •𝐶 +𝑏) (6)

Equation (6) is the last classification step in which the context vector 𝐶 is fed into a linear layer with weights 𝑊 and bias𝑏.
It is converted to probabilities in depression severity classes by applying the softmax function, and the maximum value is the
prediction of the class.

Algorithm 1: Adaptive Contextual Sentiment-Aware Transformer (ACSAT)
Input: User Text (list of text posts)
Output: Depression Label (None, Moderate, Severe)
Step 1: Preprocess each post in User Text:
Clean text (remove links, emojis, etc.)
Tokenize into words
Step 2: For each token in each post:
Get word embedding: E = Embed(token)
Step 3: Pass the sequence of embeddings through the Transformer:
H = Transformer(E) // H = contextual features
Step 4: For each token:
Get sentiment score: S = Sentiment Score (token)
Step 5: Compute sentiment-aware attention weights:
For each i: alpha[i] = softmax (S[i] * H[i])
Step 6: Create context vector:
C = sum(alpha[i] * H[i] for all i)
Step 7: (Optional) Use contrastive loss to better separate severity levels
Step 8: Predict depression level:
y_pred = softmax(DenseLayer(C))
Step 9: Return DepressionLabel = argmax (y_pred)

Algorithm 1 and Figure 3 show the flow of the Adaptive Contextual Sentiment-Aware Transformer (ACSAT) depression
predictionmodel.The process is initiated with the user-written content (UserText), which gets tokenized and embedded tomap
each word to a high-dimensional vector through pre-trained models. The embeddings get fed into the transformer encoder in
order to acquire contextual semantics. At the same time, sentiment scores are calculated for every token, and these are then
utilized to calculate sentiment-aware attention weights using a softmax function. The attention weights identify sentimentally
salient tokens and produce a context vector that contains both semantic and affective information. The classification layer
predicts the level of depression from the context vector by inputting the context vector and receiving the depression label as the
maximum probability output.

3 Results and Discussion
This section presents a rigorous comparative evaluation of the novel ACSAT model with the conventional ML techniques
SVM, RF, and NLP methods in the prediction of depression. The performances of the models are compared using standard
evaluationmetrics, namely accuracy, precision, recall, and F-measure, which are widely used in assessing predictive systems (20).
Results demonstrate the unambiguous supremacy of ACSAT in the identification of depressive symptomatology from textual
information. Bar graphs and table displays also communicate the effectiveness and predictability of ACSAT.The following tables
and figures support these results with facts.
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Fig 3. Flow diagram of Adaptive Contextual Sentiment-Aware Transformer (ACSAT)

To safeguard against overfitting and ensure trustworthy findings, we have implemented, as part of our methodology, a
stratified 5-fold cross-validation strategy on the Mental Health Disorder Detection Dataset (Kaggle). This involved randomly
dividing the dataset into five equal-sized folds while preserving class proportions. In each iteration, there would be a training set
using four folds and a testing set using one. Repeated five times means that each instance appears once in the test set. Accuracy,
precision, recall, and F1-score performance measures are calculated by averaging across all five folds.

3.1 Performance Comparison

3.1.1. Statistical significance
To provide supporting evidence for the effectiveness of ACSAT, an independent significance testing was undertaken on each of
the 5 folds of cross-validation. A paired t-test comparing accuracy, precision, recall and F1 scores of ACSAT against the three
baseline classifiers (SVM, RF and NLP) provided further supporting evidence that the improvement in performance measures
is significant at (p < 0.01). Additionally, the 95% confidence intervals suggested the algorithm’s performance was stable across
each of the folds, with the accuracy of ACSAT between 95.4% to 96.6% and F1-score between 91.3% to 92.7%. Overall, the
findings that supports the performance improvements of ACSAT have surface reliability and not simply random variation.

Table 2. Performance Comparison with Standard Deviations (5-fold CV)
Algorithm Accuracy (%) Precision (%) Recall (%) F-measure (%)
SVM (21) 90.0 (88.8 – 91.2) 89.0 (87.6 – 90.4) 89.0 (87.8 – 90.2) 88.0 (86.6 – 89.4)
RF (22) 89.0 (87.6 – 90.4) 88.0 (86.8 – 89.2) 88.0 (86.6 – 89.4) 87.0 (85.5 – 88.5)
NLP (23) 90.0 (88.8 – 91.2) 89.0 (87.8 – 90.2) 88.0 (86.6 – 89.4) 89.0 (87.8 – 90.2)
ACSAT (Proposed) 96.0 (95.0 – 97.0) 94.0 (92.9 – 95.1) 95.0 (94.0 – 96.0) 92.0 (90.9 – 93.1)

Table 2 demonstrates the performance comparison of ACSAT against baseline models. In order to account for robustness,
results are expressed as mean ± standard deviation across 5-fold cross-validation. We reported ACSAT’s performance as
accuracy (96.0% (±0.8)), precision (94.0% (±0.9)), recall (95.0% (±0.8)), and F1-score (92.0% (±0.9)), outperforming both
SVM, RF, and NLP classifiers while having narrower deviations which suggests it was more stable in performance.

3.2 Fair Baseline Training Protocol

To apply reasonable comparability, all baselines (SVM, RF, LR, GNB, and the best prior NLP classifer) were trained on the same
data splits as ACSAT, including stratified 5-fold cross-validation. We applied the same pre-processing (tokenization, lower-
casing, url/user- tag normalization, stopword handling), the same text representation (using the final input features used by
ACSAT’s classifier layer, i.e., frozen [embedding/features] for fairness), and none of the data augmentations of any model were
task specific. Hyperparameters for everymodel were selected via nested cross-validation on the training folds only (inner 3-fold
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CV) to prevent leakage from the test folds. We used the same search budgets and comparable search spaces across baselines
and ACSAT’s classifier head. Class imbalance was managed similarly via stratified sampling and class-weighted losses (or
class_weight=balanced for classical models). Max epochs and early stopping (patience=5 on validation loss/F1) were identical
across neural models. For all experiments, we fixed the random seed (e.g. 42) for splits andmodel initializations.Thresholds for
F1/Recall were selected only on the validation data. The full protocol was run on the same hardware/software stack to control
for confounding compute differences.

3.3 Comparative Analysis with Existing Works

In order to prove the novelty and efficacy of ACSAT over baseline methods, its performance is compared to various emerging
state-of-the-art methods for detecting depression. (24) used a multi-label classification model that classified depression, anxiety,
and stress with 90% accuracy but was unable to distinguish among different severities of depression. (25) Oversampled
classes with methods like SMOTE and reached an accuracy of 91.5%; their method, however, was not sentiment-aware to
identify fine-grained emotional fluctuations. On the other hand, ACSAT is a combined system that utilizes sentiment-aware
attention to selectively focus on affective indicators, contextual transformer encoders to capture subtle semantics, and severity-
aware contrastive learning to facilitate fine-grained classification into None, Moderate, and Severe depression levels. Such
improvements make ACSAT outperform current models with an accuracy of 96%, a precision of 94%, a recall of 95%, and
an F1-score of 92%, thus presenting a strong and scalable solution to early, sensitive, and severity-specific classification of
depression—a capability not well served in the previous studies.

3.4 Novelty and Innovation

Themain contributions of this paper are a new synergy of sentiment-aware attention and severity-aware contrastive learning to
develop a single model for subtle depression classification. In comparison to the predominately recent studies which focused on
the two-classmethods for theDTC (24), and themultitude of studies examining themulti-class DTC as the recognition of severe-
, moderate-, and non-depression levels, the current model allows for finer-grained evaluation of levels of depressive states,
thereby providing additional resolution. Resolution of representations is further supported through the ability to highlight
salient tokens and make multiple linguistic representations to improve the sensitivity and specificity. Compared to the two
studies that considered, separately,multi-label classificationwithout any severity distinction (25) or examined class imbalance (20),
the ACSAT model provides total performance validation with 96% accuracy, 94% precision, 95% recall, and 92% F1-score.
There is also true scalability, non-invasive administration, and general ease of deployment, specifically to support real-world
digital mental health implementation for use by practitioners. By not limiting to only binary classification, the ACSAT model
incorporates severity-sensitive contrastive learning and marginal-weighted separation between classes to identify an ordinal
progression of depression severity. Collectively, these studies represent a substantial contribution to the field by submitting an
emotionally-resilient and contextualized, severity-sensitive approach to detecting early and subtle depression.This area has not
been emphasized in current work.

4 Conclusion
This article introduces the Adaptive Contextual Sentiment-Aware Transformer (ACSAT), a new social media text-based early
depression detection model. Compared to previous models that are binary classification-based or ignore emotional context,
ACSAT combines contextual embeddings, sentiment-aware attention, and severity-sensitive contrastive learning into one
framework. Such a framework enables the model to detect and discriminate between None, Moderate, and Severe levels of
depression effectively, a huge leap forward from previous works. Empirical outcome supports the outstanding performance of
ACSAT with 96% accuracy, 94% precision, 95% recall, and 92% F1-score, surpassing common baselines such as SVM, RF, and
NLP classifiers. The innovation of ACSAT is that it can detect nuanced emotional signals, learn to adjust to diverse linguistic
expressions, and predict the severity of depression with high-resolution granularity, yet remain interpretable and scalable. All
these traits make it extremely suitable for application in real-world scenarios inmental healthmonitoring systems, telemedicine
systems, and mobile well-being apps. For the future, the potential future work can be to generalize ACSAT to multi-modal
and multi-lingual settings, integrating speech and vision inputs or text, or to other psychopathologies like anxiety or PTSD.
Additional advancements in real-time inference speed and explainability will also make it suitable for clinical applications.
Overall, ACSAT is a strong, non-invasive, and affect-sensitive metric that offers early detection and timely treatment in mental
health care.
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