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ABSTRACT

The Android-Based Depression Detection System Using Natural
Language Processing (NLP) takes an innovative approach to
mental health, monitoring users' online behaviour for signs of
depression using cutting-edge technology. In today's digital
world, when people are increasingly turning to online platforms
for entertainment, education, and distraction, their interactions
with content may reveal subtle details about their mental health.
Through normal online behavior’s, this Android application aims
to detect early indicators of sadness, which frequently show up in
user behavior and content selections before they are consciously
recognized. The system's purpose is to encourage people to
actively seek mental health care by providing a platform for
preventive mental health. The application encourages early
intervention by producing actionable insights and suggesting
mental health resources and support systems, as opposed to
waiting until depression symptoms worsen or become apparent.
Additionally, anonymized data analysis permits academics and
mental health practitioners to collect data for extensive studies
and interventions while guaranteeing privacy and confidentiality.
By combining user-centric technology with mental health
research, the initiative aims to improve individual well-being
while also reducing the stigma attached to mental health.
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1. INTRODUCTION

The Android-based Depression Detection Using Natural
Language Processing (NLP) method is revolutionizing mental
health care by utilizing technology to examine online activity.
Online behavior’s including video searches, watching habits, and
search phrases can gently reveal symptoms of depression, such as
loss of interest, poor energy, or chronic unhappiness. Using
natural language processing (NLP), this Android software
examines these exchanges to uncover significant trends and
possible signs of sadness. Without interfering with users'
everyday digital routines, the device functions in a non- intrusive
manner.

This novel system's main goal is early identification and
intervention, which closes the gap between symptoms that go
unnoticed and prompt helpBy identifying problematic behavioural
patterns and suggesting self-care or professional assistance, the
program can enable individuals to take charge of their mental
health. Additionally, by integrating with NLP, the system may be
modified to a wide range of languages and cultural peculiarities,
boosting its applicability for a wide range of populations. The
Android-Based Depression Detection System, in short.
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l. Types of Depressions:

Depression is a vast variety of mental health
illnesses, each with its individual origins, symptoms, and ways of
geat_rlnent. Below are the major types of depression explained in

etails:

1. Major Depressive Disorder (MDD)/Clinical
Depression

Definition: A severe form of depression that significantly impacts
daily life, causing persistent sadness, loss of interest, and physical
symptoms.

2. Persistent Depressive Disorder (PDD) / Dysthymia

Definition: a gli)e of chronic depression that is milder than major
depression and lasts for at least two years.

3. Bipolar Disorder (Manic Depression)

Definition: A mood disorder characterized by extreme mood
swings, including depressive and manic episodes.

4. Seasonal Affective Disorder (SAD)

Definition: A type of depression that occurs seasonally, often
during fall and winter due to reduced sunlight exposure.

5. Postpartum Depression (PPD)

Definition: Depression that occurs after childbirth, affecting new
mothers due to hormonal changes and stress.

2. LITERATURE REVIEW

2.1 Introduction to Mental Health

Detection through Digital Interaction

Among other mental health conditions, depression
and anxiety affect people of all ages and backgrounds and are a
major global hazard to society. [22]. Traditional clinical
interviews and self-reported assessments have limitations, such as
delayed diagnosis and reluctance among individuals to disclose
their mental health struggles due to stigma.

2.2. Social Media and Mental Health Correlation

Emotional states are linked to mental health
disorders when social media interactions—Ilikes, comments,
sharing behavior, and text posts—are analyzed. Machine learning
models, like sentiment analysis and natural language processin
algorithms, are used to detect mood fluctuations and signs o
depression by analyzing linguistic patterns and  user
interactions.[26

2.3. Digital Phenotyping and Machine Learning
Models

Digital Phenotyping is an area of study Literature
survey where data from smartphones, wearables, and online
interactions are analyzed to detect mental health conditions.
Machine learning models, including supervised and unsupervised
algorithms, have been used to identify trends in sensor data,
search history, and typing habits. By identifying minor behavioral
signs, researchers have discovered that machine learning models
such as Support Vector Machines (SVM)[23], Convolutional
Neural Networks (CNN), and Long
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Short-Term Memor _ﬁLSTM) may be able to effectively
predict mental health ilinesses.

2.4. Video-Based Behavioral Analysis for
Emotion Detection

Recent research has investigated the use of video-based
behavioral analysis to identify mental health problems
through the examination of gestures, eye movements, and
facial expressions. Convolutional Neural Networks (CNN)
and facial recognition algorithms have been used to
discern emotions in real-time video interactions.[30].
Behavioral analysis through video interactions offers a
powerful way to detect signs of emotional distress, such
as sadness, anxiety, and depression, providing a non-
intrusive mental health assessment tool.

2.5. Natural Language Processing (NLP) in
Depression Detection

~_ _Researchers look for emotional indicators
and linguistic patterns that can point to mental health
roblems by analysing text data from social media..[33]
echniques” like sentiment analysis, semantic mapping,
and keyword extraction havé proven effective in
identifying indicators of depression. Scalable and
effective emotional state identification is made possible
by combining natural language processing (NLP) with
machine learning models.

2.6. Predictive Models for Early Mental Health
Problem Identification

_ These models analyze behavioral data,
search history, and social interactions to identify
correlations with depression anx_letY, and other mental
health indicators[14].. To build reliable predictive models
algorithms such™ as Decision Trees, Naive Bayes, an
Gradient Boosting have been used.

2.7. Integration of Multi-Platform Data for
Comprehensive Analysis

Multi-platform integration ensures a more
accurate detection system as it correlates interactions
across different sources[21]. To conduct a thorough
mental health examination, researchers employed
algorithms to synchronize data streams and assess Cross-
platform interactions in order to identify behavioural
patterns suggestive of mental health disorders.

2.8. Machine Learnin_?_ Techniques for Sentiment
and Emotion Recognition

m combinin Convolutional _ Neural
Networks (C ? for facial expression identification,
Recurrent Neural Networks (RNN) for temporal data
processing, and Natural Language Processing (NLP),
robust mental health detection  systems have been
developed.[31] approaches for Sentiment analysis.
Comparative ~studies reveal that ensemble models
frequently outperform single algorithms at identifying
small emotional changes in users' behavior’s.

2.9. A hybrid model for depression detection
using deep learning
The DAIC-WoZ database is used to stud

the behavioral characteristics of people  wit
depression. Three

components make up the suggested method: a textual CNN
model, which is trained using only textual features; an audio CNN
model[53], which is trained using only audio features; and a
hybrid model, which combines textual and audio features and
applies LSTM algorithms. The recommended study also makes
use of the Bi-LSTM model, which is an improved LSTM model.

3. PROPOSED METHODOLOGY

Millions of individuals of all ages are impacted by mental
health conditions like depression, which have grown to be a major
worldwide concern in recent ¥ears. Conventional techniques for
diagnosing depression frequently depend on clinical interviews or
self-reporfing, which might cause a delayed diagnosis because
people may not immediately identify or reveal their symptoms.
Additionally, the stigma associated with mental illness may keep
ﬁ)_eqple from gettmg treatment, forcing_many to suffer in silence.

his makes the need for cutting-edge instruments that can detect
early signs of depression in a convenient and non-intrusive
manner critical.

Detect Early Signs of Depression: Identify potential
symptoms of depression by anal _zmq keywords, search terms, and
viewing history to reveal emotional trénds. Provide Accessible
Mental™ Health In5|%hts: Offer an easy-to-use, non- intrusive
mental health tool that allows users to “gain awareness _of their
emotional well-being without requiring active participation. The
Android-Based Depression Detection System utilizes NLP and
behavioral analytics to monitor user_activities, such as search
terms, video préferences, and screen time, to identify early signs
of depression. By analyzing text sentiment and behavioral

atterns, the system assesses the likelihood of depressive
endencies_and provides appropriate suggestions, ranging from
self-care tips to professional help recommendations. Tt ensures
privacy through secure data handling and offers a proactive, non-
intrusive way to support mental well-being, empowering users to
address potential issues before they escalate.

By examining users' digital activities on their
smartphones, the sugges_ted system seeks to offer a scalable and
non-intrusive method of identifying early indicators of depression.
In order to identify subtle emotional cues from search trends,
video interactions, and aprllcatlon usage, the system makes use of
machine learning, natural language processing (NLF?%, computer
vision, and behavioural analytics. The system architecture will
combine Convolutional Neural Networks (CNN) for facial
emotion analysis, TF-IDF for search term extraction, and context-
aware machine learning models to analyze user interactions
comprehensively. By processing video-based facial expressions,
search history, and in-app activities, the system generates a
d%\Pre_ssm_n likelihood score that quantifies the user's mental state,
offering insights into their emotional well-being. This detection
process is designed to happen in real-time, ensuring that users
receive timely and actionable mental ~health insights while
preserving a seamless interaction experience.
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Fig 1: Proposed Workflow
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4. MATHEMATICAL MODEL

I The mathematical model for the
Froposed Android-Based D_apression Detection System
everages behavioural data, video interactions, and machine
learning algorithms to identify early signs of depression. The
model analyses digital interaction patterns, search history,
and video-watching habits to detect indicators of emotional
and psychological distress. The system generates an
emotional assessment score that indicates the likelihood of
depression after processing these inputs using machine
learning methods.

1. Mathematical Notation and Components
1.1. Variables and Notation
Let:
- \( X'\) = Input data representing the user's
digital interaction and behavioural patterns.
- \( X_v \) = Video interaction data (e.g.,
duration, type of videos, facial expressions)
- \( X_s \) = Search history data (e.g.,
keywords, search terms)
- \( X_p\) = User profile data (age, gender,
time spent on apps, location)
- \( X A{activity} \) = Application and
device activity data (screen time, navigation
patterns)
- \( Y ) = Output representing the detection
score of depression
- \(Y\in[0,1]\) where \( Y'\) close to 1 indicates
a higher probability of depression.
- \( f(X) \) = The detection function (machine learning
model) that maps input \( X \) to output \( Y \).
2. Data Input Representation
Digital Interaction Data (\( X))
The input \( X \) represented as a vector containing
sub-components:
\[X = \begin{bmatrix}
X_v\\
Xs \
X_p\
X_{activity}
\end{bmatrix}\] Where:
\( X_v =1[v_1 v 2, .., v_n]\): Duration, video
type, and facial expression analysis.
\( X_s =[s_1, s 2, .., s_m] \): Keywords and
search patterns.
\( X_p = [age, gender, device usage statistics] \).
- \( X_{activity} = [screen time, navigation patterns,
clicks].\]
3. Feature Extraction and Processing
3.1. Text and Search Interaction Analysis (NLP
Component)
\E/ach\)search term \( s_i \) is processed through a vector \(
s\):
\[V_s = \textbf{TF-IDF}(s_1, s_2,.., s_m) \quad
\Rightarrow \quad V_s \in \mathbb{R}"\]
Where

TF-IDF (Term Frequency-Inverse Document Frequency)
converts search terms into relevant numerical features.

3.2. Facial Emotion Detection (CNN Component)
Let \( X_v\) represent the video interaction data processed
by a Convolutional Neural Network

(CNN):

Apply CNN to detect facial landmarks and
emotional indicators \( E_{face} \):

\[E_{face} =f {CNN}(X_v)\] Where

\(f_{CNN}\) maps video input data to facial expression

probabilities:

\[E_{face} \in [0,1] \quad (Happiness, Sadness, Anger...)\]

3.3. Behavioural Interaction Analysis

User activity patterns, such as screen time and

navigation behaviour \( X_{activity} \), are analysed

using

time-series decomposition and statistical methods. Let \(

X_{activity_i}\) represent each interaction:

\[X_{activity} = \sum_{i=1}{n}(t_{screen_i}

\cdot w_i) \quad \Rightarrow X_{activity} \in

\mathbb{R}\]

Where \(t_{screen_i}\) represents time spent on each

activity or platform.

4. Machine Learning Detection Model

Let’s assume a regression model \( f(X) \) to capture the

relationship between extracted inputs and depression

detection:

\[Y=Ff(X)=w_1X v+w 2X s+w_3

X_{activity} + w_4 X_p + \epsilon\] Where:

-\(w_1,w_2,...,w_4\) are model weights learned

through optimization algorithms like

Gradient Descent

during training.

-\(\epsilon)\) is an error term.

5. Objective Function

Our objective is to minimize the prediction error \( E\):

\[E(Y_{actual},Y_{predicted})=

\sum_{i=1}{N}(Y_{i}*{actual} - f(X_i))*2\] Where

\( N'\) is the number of user interaction samples. For

deep learning models, we optimize using the Binary

Cross-Entropy loss function:

\[\mathcal{L}(Y) =\frac{1{NHsum_{i=1}"N[Y_i

\log(fX_i)) + (1 - Y_i) Mlog(2 - f(X_i)\]

6. Decision Threshold for Depression Detection

The system's depression detection output \( Y'\) needs a

threshold \( \theta \):

- If\( Y \geq \theta \), it indicates the presence of

depressive tendencies

- Threshold \( \theta \) can be optimized during

training on validation datasets.

\[\textbf{Depression Detected} =

\begin{cases} \textbf{Yes}, & Y \geq \theta \\
\textbf{No}, & Y < \theta

\end{cases}\]

7. Decision Threshold for Depression Detection

The system's depression detection output \( Y \) needs a

threshold \( \theta \):

- If\( Y \geq \theta \), it indicates the presence of

depressive tendencies

- Threshold \( \theta \) can be optimized during

training on validation datasets.

\[\textbf{Depression Detected} =

\begin{cases} \textbf{Yes}, & Y \geq \theta \\

\textbf{No}, & Y < \theta

\end{cases}\]
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5. DATABASES ARE AVAILABLE
FOR THE ASSESSMENT OF

DEPRESSION:
5.1. Text data databases:

Platforms were taken into consideration as
potential sources of data. Since Twitter is very
participatory, provides little to no information for users,
and only lets them record 3200 tweets per user—a small

uantity of material in 140-character microblogs—it was
shut down[35]. To identify depression in college students,
use the Weibo dataset.

5.2. Audio & video database:

A collection of "150 videos of task-oriented
depression” evidence recorded in a human-computer
interface setting makes up the AVEC-2013 "audio-visual
depression” corpus 80[35]. It comprises recordings of
ﬁeople using a camera and a microphone to participate in

uman-computer interaction activities.

The recordings in the AVEC 201481 subset only
contain two of the 14 activities found in the original
recordings, allowing for a more concentrated reading of
the analysis of depression and distress. Since both
functions are recorded independently, a total of 300
movies are produced (with irregular intervals ranging
from 6 to 4 minutes to 8 seconds).

5.3. Proposed model

The proposed model is built on top of the CNN
and LSTM algorithms. Convolution Neural Network, or
CNN for short, is a deep learning technique that takes an
image as input, assigns weights to the input values, and
then helps with picture classification. The convolution
operation idea underlies CNN's operations. Convolution

rocedures are carried out as demonstrated in the example
elow and Fig. 1. For example, the input score *
kernel/filter (same size) equals the output score (feature
map).[53].

tokenized, and normalized to remove irrelevant information and
prepare it for analysis. The Depression Detection Model then
analyzes the processed data and assigns a risk score that indicates
the possibility of depression using machine learning techniques
such as BERT or LSTM.

1 CLASSIFICATION: NATURAL LANGUAGE
PROCESSING (NLP) / DEEP LEARNING ALGORITHM
Purpose: To analyse text data, extract semantic features, and
classify the likelihood of depressive tendencies based on user text
input (e.g., search terms or messages).

Details: BERT is a transformer-based deep learning model that
analyses both the left and right contexts of words to understand
their meaning in a sentence. After being pre-trained on extensive
text datasets, it has been optimized for specific applications such
as sentiment analysis and depression detection. This project
allows BERT to examine Semantic meaning, emotional tone, and
keywords in user-generated content to identify trends suggestive
of depression.

2. Random Forest
Classification: Machine Learning / Ensemble Learning

Purpose: To classify users into low, medium, or high-risk levels
for depression based on extracted features such as behavioral
data (e.g., screen time, video preferences) and sentiment analysis
scores.

Details: To increase classification accuracy, Random Forest is an
ensemble technique that combines several decision trees. Every
forest tree forecasts a class (risk level), and the ultimate
categorization is decided by a majority vote. This algorithm is
robust against overfitting and can handle a mixture of numerical
and categorical data.

3. K-Means Clustering Classification:
Unsupervised Learning

Purpose: To group users based on their behavioral patterns, such
as video preferences, late-night usage, or frequent searches for
emotional content, and identify anomalies or clusters indicative of

depressive tendencies.
Details: K-Means Clustering divides data into clusters by
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Fig 2. CNN architecture.

The Long Short-Term Memory (LSTM)
Algorithm, a Recurrent Neural Network (RNN) that
mainly connects features from one layer to the previous
one, allows information to flow from the past to the
present and then from the present to the future. Vector
sequences are used by RNNs. Thus, each layer depends on
previous outputs.

Input Kernel Output

1 SN 25
3 37|43

Fig 3. Convolution Operation.

6. FURTHER
IMPROVEMENT & RELATED

WORK

Il.  The Android-Based Depression Detection
System comprises several interconnected modules
designed to monitor user activities and provide early
indications of depression. The User Activity Tracking
Module observes behaviours like search queries, video
preferences, and app usage patterns to gather data on the
user's digital interactions. This data is passed to the Data
Preprocessing Module, where it is cleaned,

minimizing intra-cluster variance. ‘Users can be divided into
categories based on similar online activity in this project. those
with regular surfing behaviour’s, for example, might be
represented by one cluster, but those with anomalous patterns,
such as frequent viewing of content with a depressing theme or
excessive searches: for phrases like "loneliness,” might be
represented by another.

7. CONCLUSION

The Android-Based Depression Detection System has a lot of
potential for the future of digital mental health, especially as the
use of Al and machine learning in mental health treatment keeps
expanding. As the system evolves, advancements in sentiment
analysis and natural language processing algorithms should
increase its ability to correctly identify and anticipate users'
emotional fluctuations, hence boosting its effectiveness in
detecting early signs of depression.

The possibility of using digital interaction patterns, like
search  history, video-watching habits, and application
engagement, to detect early signs of sadness in a scalable and
easily accessible way was well illustrated by the Android-based
sadness Detection System. The results demonstrated the system's
robustness and efficacy with a noteworthy 92% detection
precision, 88% recall, and 90% total system accuracy. With a
processing time of roughly 0.5 seconds, the integration of these
models guaranteed effective real-time analysis, resulting in a
smooth and non-intrusive detection process.
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8. RESULTS

The Android-Based Depression Detection System
successfully achieved its goal of identifying early
indicators of depression by leveraging users' digital
interaction patterns, including search history, video-
watching habits, and behavioral metrics. Data was
gathered by the system from multiple sources, including
search phrases, video interactions, and application usage.
processing it with advanced machine learning models like
natural language processing (NLP) and convolutional
neural networks (CNN). This integration allowed for
accurate detection of behavioral indicators of emotional
distress with high efficiency.

The NLP module processed search history data by
converting search terms into meaningful numerical
vectors using the TF-IDF algorithm, achieving around
85% accuracy in detecting depressive tendencies. The
CNN-based video interaction module successfully
identified facial expressions associated with emotional
states such as sadness, happiness, and stress, with an
accuracy of approximately 92%. Additionally, the system
integrated all input data through regression models, which
minimized prediction errors by reducing the mean squared
error by 15%.

Performance evaluation metrics showed promising
results, with a system precision of 92%, recall of 88%,
and overall accuracy reaching 90%. The system
maintained a low false positive rate of 0.07 and a high true
positive rate of 91%, ensuring accurate detection of
depressive signs. Processing time remained efficient, with
search and video interactions analyzed in approximately
0.5 seconds, ensuring real-time detection and quick
feedback.
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