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ABSTRACT 

Depression is still one of the most common mental health conditions in the world and it is 

frequently under diagnosed, especially in those who use social media to share their feelings 

and experiences. Better psychological support and prompt intervention is made possible by 

the early detection of depressive tendencies. This study presents a deep learning–based 

multimodal architecture that incorporates textual and facial information for real-time 

depression identification. While facial pictures are detected, aligned and enhanced to extract 

strong visual clues; user generated text is preprocessed using tokenization stop word removal, 

lemmatization and syntactic normality in the suggested system. Convolutional networks like 

ResNet 50 and Efficient Net are used to generate facial representations, whereas transformer-

based embeddings like BERT and RoBERTa are used to represent textual features in 

conjunction with TF IDF statistical features. Long short-term memory layers in a hybrid 

fusion architecture are used to capture behavioral evolution and temporal relationships across 

several posts. Cross-attention mechanisms are employed to further enhance the fused 

multimodal embeddings and the final classification produces an accessible attention heat map 

for model transparency along with a depression risk score. The suggested model beats uni 

modal baselines in accuracy (93%), F1-score and area under the ROC curve demonstrating 

higher resilience and sensitivity in identifying depressed features according to experimental 

assessments conducted on benchmark multimodal social media datasets. Also, the lightweight 

framework guarantees scalability and facilitates real-time inference via interfaces for 



 
  

uploading images and entering the text. All things considered and combining computer vision 

with natural language processing methods greatly improves the accuracy of identifying 

depression then offering a useful and morally sound basis for the development of next-

generation digital mental health monitoring systems. 

Keywords: natural language processing; social media analytics; depression identification; 

transformer models; convolutional neural networks; deep learning; multimodal fusion and 

mental health assessment. 
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I. Introduction  

Over 280 million individuals worldwide 

suffer from depression, one of the most 

common mental health conditions that 

contributes to both disability and 

suicide rates [1]. Due to social stigma, 

ignorance, and restricted access to 

expert care, many instances go 

untreated despite their severity. 

Traditional diagnostic methods, such as 

the psychological testing and clinical 

interviews are reliable but too costly 

and time consuming to be utilized 

extensively [2]. Yet social media has 

developed into a rich source of 

behavioural information because it 

allows people to openly communicate 

their thoughts, their emotions and 

experiences through the posts, captions 

and images. Because these digital 

footprints often contain linguistic and 

visual cues that reflect underlying 

psychological states, they provide a 

new way to the diagnose depression 

early [3]. Early study was mostly text-

based and included language clues such 

as opposite feelings, pronoun usage and 

emotional tone. In order to identify sad 

inclinations, machine learning models 

like Random Forests, Naïve Bayes, and 

Support Vector Machines were trained 

using these traits [4], [5]. While these 

models performed admirably, they 

lacked contextual information. As deep 

learning emerged, Natural Language 

Processing models like Long Short-

Term Memory, Recurrent Neural 

Networks and transformers like BERT 

and RoBERTa were proposed that 

capture emotional depth and semantic 

linkages [6], [7]. These models 

remained reliant exclusively on text and 

ignoring nonverbal emotional cues 

despite their improved accuracy [8]. 

Convolutional neural networks such as 

the VGGNet, ResNet and EfficientNet 

can detect subtle visual indicators like 

worry, weariness or sorrow. At the same 
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time, depression has been identified 

from facial expressions and micro-

movements using the computer vision 

techniques [9], [10]. Studies have 

shown that the depression moods might 

be reflected in the direction of the facial 

muscle movements and gaze [11], [12]. 

Yet visual-only models cannot 

recognize verbal or contextual meaning. 

To get around these limitations, 

researchers have turned to multimodal 

frameworks, combining words, image 

and even audio data for a more 

thorough emotional analysis [13]. 

Recent multimodal studies like Li et al. 

[14] and Sadeghi [15] have 

demonstrated that deep fusion models 

and hierarchical attention improve 

accuracy. Similar multimodal fusion 

was employed by Mohammad & Ali 

[16] and Zhang et al. [17] to achieve 

above 90% accuracy. Even so existing 

frameworks are still sometimes opaque, 

computationally intensive and data-

hungry [18], [19]. Healthcare relies 

heavily on clarity which is currently 

lacking in most modern approaches 

[20]. These challenges draw attention to 

a clear research gap: many depression 

detection techniques are opaque or 

unimodal, functioning as "black boxes" 

with limited potential for development 

or justification [21]. Real-time 

performance and ethical transparency 

are rarely valued [22], [23]. Therefore, 

a multimodal deep learning framework 

that is lightweight, accessible and 

efficient is needed for accurate 

transparent depression detection. Both 

written and visual inputs must be able 

to be evaluated by this framework. 

The purpose of this research is to create 

a deep learning-based multimodal 

framework that integrates verbal and 

visual information to detect the sadness 

in social media users. The proposed 

model employs BERT and RoBERTa 

embeddings for contextual text analysis 

[24], [25] and ResNet-50 and Efficient 

Net CNNs for visual emotion extraction 

[26]. These characteristics are 

combined using a hybrid architecture 

with the Long Short-Term Memory to 

record temporal behavioral patterns 

[27]. 

The reasoning comes from combining 

the complementary benefits of NLP and 

CV. Textual components capture the 

emotional and cognitive language 

patterns, whilst facial photographs 

display subtle nonverbal reactions. 

Real-time operation is ensured by the 

lightweight model optimization [29] 

and attention strategies enhance clarity 

by highlighting important words or 

facial features [28]. 

This study's primary contributions are: 
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1. A brand-new multimodal deep learning 

system that combines CNN-based facial 

features with transformer-based text 

embeddings. 

2. A strong pipeline for preprocessing and 

fusion that manages noisy social media 

data. 

3. A hybrid model based on LSTM that 

records trends in temporal behavior. 

4. A real-time, interpretable and scalable 

framework that generates explanations 

based on attention [30]. 

• Visual features are extracted using 

Convolutional Neural Networks 

(CNNs) such as ResNet-50 and 

EfficientNet. These networks encode 

facial features into high-dimensional 

vectors that represent emotional cues 

and micro-expressions. 

Fusion Strategies: 

To integrate text and image features, 

three fusion techniques are explored: 

1. Early Fusion: Direct concatenation of 

textual and visual feature vectors before 

classification. 

2. Late Fusion: Independent classification 

of each modality, followed by ensemble 

averaging of predictions. 

3. Cross-Attention Fusion: A transformer-

based approach allowing deep 

interaction between modalities by 

letting textual features attend to visual 

ones and vice versa, improving 

interpretability and emotional 

understanding. 

 

II. Methods 

The proposed system is a deep learning-

based multimodal framework designed 

to detect depression using both textual 

and facial image features from social 

media platforms. The methodology 

includes the system architecture, 

mathematical formulation, dataset 

description, data processing, and 

evaluation metrics. Each stage of the 

process contributes to building an 

accurate, interpretable and efficient 

model for real-time mental health 

screening. 

A. System Architecture 

Input collection, pre processing, 

selecting features fusion technique and 

classification are the A Deep Learning-

Based Multimodal Framework for 

Depression Detection through Social 

Media Text and Imagefive main parts of 

the suggested architecture.  

Input Layer: 

The system receives two types of input 

data: 

(i) Textual data such as 

posts comments, and captions on social 

media and  

(ii) facial photos taken from the user 

profiles or image databases that are 

openly accessible. 



A Multimodal Deep Learning Framework For Early Depression Detection Using Social Media Text 
And Facial Images 

IJDDT, Volume 16 Issue 5, 2026 Page 840 

 

• These inputs represent the user's 

emotional state through language and 

display giving both verbal and 

nonverbal signs of depression. 

• Pre processing: Different pre processing 

procedures are used to the text and 

picture data to ensure the excellent 

input. 

• Initialization, stop word elimination, 

lemmatization, and normalization are 

all part of text preparation. Noisy 

components are eliminated, including 

emojis, hashtags, URLs used and 

repeating letters. 

• Image preparation includes scaling each 

image to 224 x 224 pixels for CNN 

compatibility, normalizing the color and 

employing the Haar Cascade and 

MTCNN algorithms for face 

identification and alignment. For 

consistent facial analysis, this 

standardizes illumination and 

orientation. 

Feature extraction is performed 

separately for both modalities: 

• Textual features are extracted using two 

complementary methods: 

a) TF–IDF which measures the 

importance of words in a document and 

b) BERT embeddings, which capture 

contextual and semantic meaning using 

self-attention mechanisms. 

Classification: 

The classification step receives the 

fused feature representation and 

consists of two parts:  

• LSTM networks to capture temporal 

correlations between consecutive posts 

or face photos Ensemble classifiers to 

improve resilience.  

• Instead of generating sporadic 

predictions, this hybrid approach 

enables the model to identify patterns in 

behavior across time.  

 

Mathematical Formulation 

a) Textual Feature Extraction 

Fig 3.Shown the Sample datasets for 

training the model. The TF–IDF 

representation quantifies the importance 

of a term t in a document d:Eq. (1) 

𝑇𝐹(𝑡, 𝑑) = !!,#
" !$,#$

  (1) 

where 𝑓#,%is the frequency of term t in 

document d. 

The inverse document frequency is 

calculated as:Eq. (2) 

𝐼𝐷𝐹(𝑡) = log	 &
'!

   (2) 

where N is the total number of 

documents and nₜ is the number of 

documents containing term t.Eq. (3) 

The combined weight is: 

𝑤#,% = 𝑇𝐹(𝑡, 𝑑) × 𝐼𝐷𝐹(𝑡)  (3) 

This highlights depression-related 

words like hopeless, tired, or worthless, 
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which appear frequently in depressive 

posts.Eq. (4) 

For contextual embeddings, BERT 

employs self-attention: 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(()
%

*%$
)

  (4) 

 

 

Fig. 1. images from a publicly available 

facial emotion dataset (used only for 

research and demonstration). 

All faces shown are from open-source 

benchmark datasets such as FER2013 

and RAF-DB under academic use 

licenses.  The facial expression images 

used for visual feature extraction were 

obtained from publicly available 

datasets (e.g., FER2013, RAF-DB, 

AffectNet). These datasets contain 

anonymized images collected with 

consent for academic research and are 

distributed under open-access or 

research-only licenses. No personally 

identifiable information or private user 

images were used in this study. Fig. 2 

shown the Emotion datasets for training 

the model. 

 
Fig. 2. Sample Text Dataset for 

Depression Vs Non-Depression 

Classification 

 

b) Visual Feature Extraction 

where Q, K, and V are the query, key, 

and value matrices, and dₖ is the 

dimension. This allows BERT to 

understand each word in relation to its 

surrounding context. 

Eq. (5) Facial images are processed 

through convolutional layers defined as: 

ℎ+,, = 𝜎(@ A 𝑥+-.,,-' ⋅
&

'/0

1

./0

𝑤.,' + 𝑏)  (5) 

 

where x is the image patch, w represents 

filter weights, b is the bias, and σ is the 

activation function. Deep CNNs such as 

ResNet use skip connections to prevent 

vanishing gradients, while EfficientNet 

optimizes model depth and width for 

computation efficiency. 

 

c) Fusion and Classification 
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Eq. (6)In early fusion, features are 

concatenated: 

𝐹 = [𝑓#   ∣∣  𝑓+]  (6) 

 

In late fusion, final predictions are 

averaged:Eq. (7) 

𝑃(𝑦 ∣ 𝑥) = 𝛼𝑃#(𝑦 ∣ 𝑥#) + (1 −

𝛼)𝑃+(𝑦 ∣ 𝑥+) (7) 

 

Eq. (8)In cross-attention fusion, 

modality interactions are expressed as: 

𝐹 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(()
%

*%$
)𝑉+ +

𝑠𝑜𝑓𝑡𝑚𝑎𝑥((&)
%

*%$
)𝑉#  (8) 

 

Finally, the fused representation is input 

to an LSTM, which models sequential 

dependencies:Eq. (9) 

ℎ# = 𝑓(𝑊 ⋅ [ℎ#20, 𝑥#] + 𝑏) 

 (9) 

 

The output is passed through a SoftMax 

layer that classifies data as depressive 

or non-depressive. 

 

Fig. 3. Illustrates the dataset 

preprocessing workflow showing how 

text and images are cleaned, regularized 

and prepared for the feature extraction. 

 

B. Dataset Description 

The model was trained and tested on a 

multimodal dataset of 20,000 social 

media samples collected from Reddit 

and Twitter. Depressive samples were 

gathered from mental health 

communities, while non-depressive 

posts were taken from general-interest 

forums. Corresponding facial images 

were sourced from publicly available 

emotion datasets and user profile 

photos. 

 
Fig. 4. ROC Curve of the proposed 

system 

 

• Class Distribution: 10,000 samples with 

depression and the count of 10,000 

samples with depression. 

• Data Splits: To ensure the class balance, 

70% of the data is used for training, 
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15% for validation, and 15% for testing 

using stratified sampling. 

• Annotation: Verified manually by two 

individuals and validated by 

posts openness indications. 

• Preprocessing: For CNN input, facial 

photos were aligned, cropped and 

scaled, while texts were the cleaned and 

tokenized. 

 
Fig. 5. Confusion Matrix of the 

proposed system 

 

C. Evaluation Metrics 

To assess the model’s performance, 

several metrics were used: 

• Accuracy: Ratio of correctly classified 

instances to total samples. 

• Precision: Measures reliability of 

positive predictions.Eq. (10) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 34
34-54

  (10) 

 

• Recall: Measures ability to detect true 

positive depressive posts.Eq. (11) 

𝑅𝑒𝑐𝑎𝑙𝑙 = 34
34-5&

  (11) 

• F1-Score: Harmonic mean of precision 

and recall for balanced performance.Eq. 

(12) 

𝐹1 = 2 × 4678+9+:'×<78=>>
4678+9+:'-<78=>>

  (12) 

 

• ROC-AUC: Plots true positive vs false 

positive rates to assess selective power. 

• Confusion Matrix: Provides a summary 

of forecast results. 

• Efficiency: Tested memory use and 

inference time to make sure it was 

proper for real-time deployment. 

The robustness of the model is shown 

by the ROC curve and matrix of 

the errors in Fig 4 and 5, which provide 

excellent rate of classification with high 

accuracy and diagonal supremacy. 

III. Result 

Several experiments were conducted to 

evaluate the effectiveness of the 

proposed by the multimedia depression 

detection system for using text-only, 

image-only and mixed datasets. The 

performance of the proposed technique 

was compared with more traditional 

machine learning and baselines 

including logistic regression, Support 

Vector Machines and Naïve Bayes as 

well as the state-of-the-art deep 

learning models like the CNN-based 

architectures for face analysis and the 

BERT for text. The objective was to 

assess how integrating the verbal and 
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visual modalities enhances the 

accuracy, accessibility and 

the resilience of depression detection. 

A. Baseline Comparison 

The distinction between unimodal and 

multimodal learning in depression 

identification was demonstrated by 

baseline models. Since it was unable to 

capture by context, logical regression 

recognized fundamental verbal signals 

with 84% accuracy. While it was 

susceptible to feature scaling and 

imbalance, SVM with handmade 

linguistic features increased to 86%. 

While its rapid training, Naïve Bayes 

with TF IDF lacked contextual depth 

and the inability to pick up on minor 

emotional signals. With an accuracy of 

about 90%, deep learning text models 

such as BERT provide the improved 

language understanding but lack visual 

insight. 

In contrast, the best accuracy and F1-

score were obtained by the suggested 

mixed structure which that combined 

CNN-based visual traits with TF IDF 

and BERT embeddings. By collecting 

both verbal markers and non-verbal 

signals the simultaneous attention fusion 

allowed for the efficient interaction 

between text and visual 

features resulting in more accurate and 

discernible sadnesss detection. 

 

Table 1. Performance Comparison of 

Classifiers for Multimodal Depression 

Detection 
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B. Quantitative Performance 

The comparative findings of earlier 

research and the suggested model are 

compiled in Table 1. The suggested 

method beat text-only and image only 

the systems achieving 93% accuracy and 

an F1-score of 0.91. Figure 5's ROC 

curve shows a high area under the curve 

showing a significant capacity to 

distinguish between the users who are 

depressed and those who are not. There 

are fewer false positives and the fake 

negatives as seen by obvious vertical 

domination in the confusion matrix in 

Figure 6. This implies that the 

multimodal system preserves a balance 

between the memory and 

precision which is the essential for 

the mental screening applications where 

missed detections and false alarms might 

have a negative impact 

Model Behavior and Validation 

Due to the hybrid LSTM based 

behavioural model performance 

validation over many data splits showed 

consistent the adaptation with little bias. 

Training curves showed steady by loss 
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decrease over the epochs and sustained 

convergence. The algorithm successfully 

recognized depression related patterns in 

both textual posts and facial images 

when evaluated with real time user 

inputs via the Social Media Depression 

Detector Interface, producing findings 

that could be understood using the focus 

maps. The system demonstrated is fit for 

real time digital applications by 

responding with the fast giving 

predictions in less than two seconds per 

input. 

 

 
Fig. 6. Interface of Social Media 

Depression Detector: Text and Face 

Analysis 

 

Overall, the results demonstrate that the 

proposed multimodal system   beats the 

existing conventional and unimodal 

models by a significant margin. 

Prediction reliability and 

the generalised comprehension are 

enhanced when textual meanings are 

combined by the visual feelings. The 

framework shows remarkable strength 

even when there is ambiguous irony or 

emotionally hidden information to 

convey. These findings demonstrate the 

effectiveness of multimodal fusion as 

an early depression screening tool in 

social media that analyses situations 

and support its integration into 

scalable ethical mental health 

monitoring systems. 

 

IV. Discussion  

The results confirm that the Deep 

Learning-Based Multimodal 

Framework effectively integrates 

textual and facial image information to 

detect sadness with a high level of 

accuracy and accessibility. The 

multimodal fusion approach 

outperforms single mode systems and 

conventional classifiers by gathering 

the linguistic and visual indicators 

of sadness. The combination of 

the contextual text embeddings with 

visual representations provides a 

powerful strategy for capturing 

semantic and emotional 

information with 93% accuracy and an 

F1-score of 0.91 Table.1. 

A. Interpretation of Results 

The suggested framework's excellent 

performance shows how well 
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multimodal integration may capture 

the emotional complexity. Text-only 

models have trouble understanding 

humour or unclear tone, but they are 

accurate in recognizing the language 

signals like negative mood and self-

serving statements. Similarly, neutral or 

disguised emotions are frequently 

misclassified by image-only algorithms. 

By aligning the text and face signals, 

the suggested cross-attention fusion 

technique improves the model's ability 

to understand the emotional 

connections. The great discriminative 

capability with fewer false positives 

and negatives is confirmed by the ROC 

and confusion matrix in Figures 5 and 

6. Also real-time testing using the 

Social Media Depression Detector 

interface (Fig. 7)showed that the system 

is efficient and scalable, processing text 

and picture inputs in a matter of 

seconds. 

B. Evaluation in Relation to Current 

Research 

The suggested framework clearly 

improves the accuracy and flexibility 

when compared to earlier research. 

Prior text-based studies, it including 

Singh (2022) and Chavan et al. (2021), 

used Naïve Bayes and SVM to obtain 

84–86% accuracy butit lacked semantic 

depth. Liu (2022) and Qasim (2025) 

developed deep learning text models 

that neglected imagery feelings yet 

achieved 90% accuracy. Although 

multimodal research by Deshpande 

(2021) and Li et al. (2023) were 

difficult to compute and dataset-

specific, they reached up to 92% 

accuracy. The efficiency of the 

suggested method was confirmed by the 

cross-attention fusion and LSTM-based 

temporal modelling in this work, which 

obtained 93% accuracy while staying 

lightweight and interpretable. 

C. Research Restrictions 

Even with outstanding performance, 

there are remains the limits. The dataset 

may not take into account language or 

cultural differences around the globe, 

even though it is correct. Including 

the both bilingual and the cross-

platform data might improve 

the generality. There are still moral 

questions about user privacy when 

handling with facial photos. Techniques 

like federated learning and unique 

privacy must be employed to ensure 

compliance with GDPR and HIPAA 

regulations. Also as the current model 

simply does a binary rating, additional 

versions of the model may evaluate 

the depression levels of severity for 

greater medical utility. 

D. Implications of the Study 

This study has important ramifications 

for public health and technology. In 
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terms of technology, it shows that  

combining natural language processing 

and computer vision results in more 

complete, emotionally intelligent AI 

systems that can identify anxiety, 

stress and depression. The approach 

may be used by psychology as an early 

detection technique to find people who 

are at risk using social media data from 

a healthcare viewpoint. Also, it may be 

included in mobile applications for 

early detection and ongoing monitoring. 

The use of AI should always be done 

properly in order to minimize mistakes 

and preserve trust automated forecasts 

should always be accompanied by 

the human review. 

The next study will concentrate on 

extending the multimodal depression 

detection framework to incorporate 

cross-cultural and language datasets in 

order to increase its usefulness 

worldwide. To further improve 

emotional awareness of audio and 

behavioural data, such as voice tone 

and posting frequency, might be used. 

To ensure the ethical use of 

the AI privacy preserving strategies 

such that differential privacy and 

federate learning will be combined. 

Also, the system will be expanded to 

track changes in mood over time and 

predict the degree of depression. 

Also, future research will investigate 

clear AI processes to enhance clinical 

interpretability and incorporate the 

framework into mobile health platforms 

for instant which mental health help. 

 

V. Conclusion  

Developing a Deep Learning-Based 

Multimodal Framework that combines 

the face image and textual information 

from social media for precise and clear 

depression identification was the goal 

of this study. The suggested model 

achieves 93% accuracy and an F1-score 

of 0.91 by effectively combining 

ResNet-50 and EfficientNet CNNs for 

visual feature extraction with TF–IDF 

and BERT embeddings for textual 

analysis. Compared to conventional and 

unimodal systems, the combination of 

the facial and language signals 

improves detection reliability. The 

framework's scalability, robustness and 

suitability for real-time social media 

mental health screening are confirmed 

by experimental findings. The model 

may be extended in further research to 

incorporate continuous depression 

severity prediction, foreign datasets and 

privacy-preserving learning strategies 

like that federated learning. These 

enhancements will make its use in 

morally sound, AI-powered digital 

mental health systems for early 
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detection and treatment much more 

robust. 
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