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ABSTRACT

Mental health prediction using artificial intelligence has gained significant attention due to increasing
rates of depressive disorders worldwide. Traditional diagnostic assessments rely heavily on clinical
interviews, self-reported screening tools, and therapist-based evaluations, which are subjective and time-
consuming. This study proposes an RNN-based forecasting model designed to predict depressive mood
states using longitudinal self-reported emotional histories. The model leverages temporal dependencies
within sequential mood records and behavioral indicators to identify early depressive patterns. A dataset
containing daily user mood logs was preprocessed, normalized, and transformed into time-series
sequences for model training. Experimental results show that Recurrent Neural Networks (specifically
LSTM architecture) outperform conventional machine learning methods in capturing mood variation
trends and forecasting depressive episodes with higher accuracy and lower error rates. The findings
demonstrate that RNN-based forecasting can support proactive mental health intervention and
personalized well-being tracking.
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I.  INTRODUCTION

SE

from time-dependent data sources. Classical

Depression is recognized as one of the most
widespread mental health disorders, affecting
millions globally and significantly influencing
emotional well-being, cognitive ability, and
social ~ functioning.  Traditional  diagnosis
methods  depend heavily on clinician
interpretation and subjective patient reporting,
which may result in delayed or inaccurate
detection due to emotional variability and recall
bias [1]. Advances in digital health tracking and
computational modeling have created new
opportunities to analyze behavioral patterns
more objectively and detect emotional
deterioration earlier than conventional methods
allow [2].

In recent years, artificial intelligence (Al) and
machine learning have demonstrated strong
capabilities in modeling mental health indicators

models such as decision trees, SVMs, and linear
regression have shown limited success due to
their inability to effectively capture sequential
dependencies inherent in human emotional
patterns [3]. This limitation has accelerated the
shift toward deep learning-based architectures,
particularly Recurrent Neural Networks (RNNSs),
designed to process temporal and sequential
behavioral signals more effectively [4].

Among RNN variants, Long Short-Term
Memory (LSTM) networks have proven
especially useful for mood forecasting due to
their ability to retain long-range contextual
information while addressing vanishing gradient
limitations [5]. Studies using LSTM-based
approaches have demonstrated improved
prediction accuracy in domains such as stress
analysis, bipolar disorder monitoring, and
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affective computing, validating their suitability
for emotion-based forecasting [6]. Additionally,
psychological and behavioral studies indicate
that depressive mood trends evolve gradually
rather than abruptly, making sequential
modeling techniques more appropriate for
prediction tasks [7].
Self-reported emotional logging applications and
mobile health diaries have become increasingly
relevant data sources, capturing daily variations
in sleep, mood, motivation, and cognitive
experiences. When processed with deep learning
models, these continuous behavioral histories
can reveal early warning signals that may
otherwise remain unnoticed in clinical
evaluation frameworks [8].

Despite growing interest, existing systems still
face challenges including missing data,
inconsistent reporting intervals, and difficulty
generalizing across diverse user emotional
profiles. Recent research emphasizes the need
for adaptive models capable of learning
fluctuating emotional baselines and tailoring
predictions to individual behavioral histories [9].
This study addresses these gaps by developing
an RNN-based forecasting model designed to
predict depressive mood states using structured
self-reported time-series emotional data. The
goal is to examine how effectively temporal
deep learning can anticipate depressive episodes
and support earlier mental health intervention
[10].

1. LITERATURE SURVEY

Research on depression prediction using
computational models has increasingly focused
on leveraging temporal patterns present in
behavioral and emotional data. Early works
utilized traditional statistical techniques and
shallow learning algorithms such as logistic
regression and support vector machines (SVMs)
to classify depressive symptoms from
guestionnaire scores and demographic data [11].
While these approaches provided baseline
performance, they generally treated observations
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as independent samples, ignoring the sequential
nature of mood evolution over time [12]. This
limitation reduced their ability to anticipate
forthcoming episodes of low mood based on
historical emotional trajectories.

The emergence of sequence learning models
paved the way for more robust handling of
temporal dependencies. Initial attempts with
standard Recurrent Neural Networks
demonstrated the feasibility of modeling
emotional dynamics but struggled with long-
term dependencies due to vanishing and
exploding gradient issues [13]. To address this,
researchers began adopting Long Short-Term
Memory (LSTM) and Gated Recurrent Unit
(GRU) architectures, which introduced gating
mechanisms to preserve important contextual
information across time steps [14]. Comparative
studies showed that LSTMs consistently
outperformed both traditional RNNs and non-
sequential models in forecasting depressive
tendencies and mood fluctuations from time-
series data [15].

Parallel to model development, studies have
investigated the types of data most suitable for
mood forecasting. Self-reported mood diaries,
ecological momentary  assessment  logs,
smartphone usage statistics, and sleep and
activity patterns have all been explored as
predictive sources [16]. Self-reported histories,
in particular, remain a primary and practical data
stream because they directly reflect subjective
emotional states, even though they may suffer
from inconsistency and reporting bias.
Researchers have proposed various
normalization and smoothing strategies to
handle noisy and sparse self-reported sequences,
improving the quality of input data used for
training deep learning models [17].

Another line of work has focused on multi-
modal integration, combining text-based
journaling, numeric mood ratings, and
physiological signals to improve prediction
accuracy. These studies highlight that
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incorporating behavioral context and daily
routines results in more robust models capable
of distinguishing temporary mood dips from
clinically significant depressive trends [18].
However, the complexity of multi-modal
pipelines often raises computational and
deployment challenges, making single-source or
low-complexity self-report-based models still
attractive for real-world applications.

In addition to accuracy, interpretability and
ethical considerations have become critical
topics in mental health forecasting. Some
researchers have explored attention mechanisms
and explainable Al techniques to reveal which
time segments or features contribute most to
predicted depressive risk, aiming to support
clinicians rather than replace them [19]. This
focus on explainability is important to build trust
in Al-assisted mental health tools and to ensure
that prediction outcomes are understandable and
actionable.

Finally, recent work emphasizes personalization
in mood forecasting models. Generic models
trained on population-level data may not capture
individual emotional baselines and idiosyncratic
response patterns. Adaptive and personalized
RNN frameworks, which fine-tune parameters to
user-specific histories, have been proposed to
address inter-individual variability in mood
expression [20]. These findings collectively
suggest that RNN-based  architectures,
particularly LSTM models trained on self-
reported emotional histories, offer a promising
direction for early detection and forecasting of
depressive mood states. The present study builds
upon these insights to design and evaluate a
forecasting framework tailored specifically to
depressed mood prediction using structured,
self-reported histories and recurrent neural
networks.

1. METHODOLOGY

The methodology adopted in this research
involves a structured workflow beginning with
data  acquisition,  preprocessing,  feature
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engineering, model development,  and
performance evaluation. The primary goal is to
build a forecasting model capable of predicting
depressive mood trends from self-reported
historical emotional records. The proposed
methodology ensures that sequential mood
patterns are preserved and modeled effectively
through a Recurrent Neural Network (RNN)
with Long Short-Term  Memory (LSTM)
architecture.

3.1 Data Collection and Preprocessing

The dataset consists of longitudinal self-reported
emotional states recorded daily by users. Raw
entries included numerical mood scores along
with optional contextual annotations such as
stress level, sleep quality, and behavioral notes.
Since self-reported data tends to be incomplete
or inconsistent, preprocessing steps were
applied, including normalization, outlier
removal, missing-value interpolation, and
temporal alignment.

Numerical mood ratings were scaled between 0
and 1 using Min-Max normalization to reduce
variation and improve model learning stability.
Once cleaned, the dataset was transformed into
sequential time windows (7-day, 14-day, and 30-
day mood history segments) to allow the model
to learn temporal dependencies.

3.2 Feature Engineering

Feature engineering focused on extracting
meaningful temporal structures from sequential
logs. Rolling averages, emotional volatility
indices, and day-to-day change features were
derived to provide additional contextual cues to
the model. The sequences were formatted into
supervised learning structure: previous mood
window — next-day predicted mood value.

3.3 Model Architecture

The forecasting model is based on an LSTM-
enhanced RNN. The choice of LSTM cells
enables the network to store long-term
emotional dependencies and avoid gradient loss
issues commonly observed in standard RNN
architectures. The model consists of:
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* Input Layer (sequence window)

* Embedding or Dense Feature Layer

e Two stacked LSTM layers with dropout

regularization
* Fully Connected Dense Layer
e Qutput Layer (Sigmoid activation for
normalized mood prediction)

Hyper parameters such as learning rate, batch
size, and dropout probability were optimized
through iterative experimentation.
3.4 Model Training and Validation
The dataset was split into training, validation,
and testing subsets following a 70-15-15 ratio.
The Adam optimizer and Mean Squared Error
(MSE) loss function were utilized to update
model weights. Early stopping regularization
was applied to prevent overfitting by monitoring
validation loss trends.
Prediction accuracy was assessed using Root
Mean Squared Error (RMSE), Precision, Recall,
and correlation metrics between predicted and
actual mood trajectories. Multiple model
configurations were evaluated to select the best-
performing architecture.
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Fig 1: System Architecture Diagram
The system architecture of Deep MoodSense is
designed to forecast depressive mood states
using a deep learning pipeline built on recurrent
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neural networks (RNNs). The process begins
with user-reported behavioral history, where
individuals regularly log mood, sleep patterns,
activities, and emotional reflections through a
digital interface. This raw data is then processed
through the Preprocessing and Feature
Engineering module, where noise is removed,
missing values are handled, and relevant
behavioral indicators are transformed into
structured numerical features suitable for model
training.

Next, the cleaned data is passed to the Temporal
Sequence Construction layer, where historical
behavioral logs are organized into sequential
time-series windows to preserve temporal
context. These sequences are then fed into the
Recurrent Neural Network module, which may
use LSTM or GRU cells to capture long-term
dependencies, behavioral evolution, and mood
fluctuation patterns over time. The network
outputs are forwarded to the Prediction Layer,
which generates the estimated current mood
state and forecasts future depressive tendencies.
The results are then sent to the Output
Visualization layer, where trends, alerts, and
dashboards are displayed to the user or clinician
in an interpretable format. A feedback loop
ensures that ongoing user reports continue to
improve model performance through
incremental retraining, enabling the system to
adapt to personal behavioral changes over time.
This architecture supports real-time mood
monitoring, personalized forecasting, and
proactive mental health intervention.

V. EXPERIMENTAL SETUP

The experimental setup for this study was
designed to evaluate the capability of the
proposed  RNN-LSTM-based  forecasting
system in predicting depressive mood trends
from self-reported emotional histories. The
model was developed and executed in a
controlled computational environment using
Python, TensorFlow, and Keras frameworks.
The system was deployed on a workstation
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equipped with an Intel i7 processor, 32GB
RAM, and an NVIDIA RTX GPU to accelerate
matrix computation and reduce training time.
This configuration ensured efficient handling of
sequential data processing and iterative neural
network optimization.

Before model training, the dataset underwent
preprocessing to remove inconsistencies, correct
missing entries, and normalize numerical mood
ratings. The cleaned dataset was divided into
training, validation, and testing subsets using a
70-15-15 ratio to ensure fair evaluation. Data
was reshaped into sliding window sequences in
formats of 7-day, 14-day, and 30-day temporal
inputs to determine how window length impacts
forecasting accuracy. These sequences were fed
into the RNN-LSTM model, which learned
emotional trend patterns through repeated
backpropagation training cycles.

Multiple hyperparameter configurations were
tested, including variations in learning rate,
number of LSTM layers, activation functions,
dropout percentages, and batch sizes. The
training was monitored using early stopping to
prevent overfitting and ensure optimal
generalization across unseen data. During model
execution, real-time performance metrics such
as loss values, prediction error, and validation
accuracy were continuously logged and plotted
for analysis.

Once the model completed training, the test
dataset was used to evaluate performance
through quantitative measures including Mean
Squared Error (MSE), Root Mean Squared Error
(RMSE), precision, recall, and correlation
between predicted and true mood trends. These
metrics provided a comprehensive view of
forecasting quality and model reliability.
Additionally, visual analysis was performed by
plotting prediction trajectories against actual
mood history to assess whether the model
captured emotional fluctuations accurately.

To further validate robustness, stress tests were
conducted using simulated irregular data inputs

SE

and missing entries to observe how the model
handled real-world reporting gaps. The outputs
were stored in a monitoring dashboard, enabling
repeatable evaluation and interpretability of
model behavior under varying conditions.

V. RESULTS & DISCUSSION
The performance of the proposed RNN/LSTM-
based forecasting system was evaluated using
multiple metrics including accuracy, RMSE,
precision, and recall. The results were recorded
across different dataset sample sizes to observe
how learning performance improved with
additional training data. The tables and charts
demonstrate a consistent upward performance
trend, validating the suitability of recurrent
neural architectures for sequential mental health
data modeling.
Initial runs with smaller sample sizes resulted in
limited predictive accuracy due to insufficient
sequential pattern recognition. As the dataset
size increased, the model demonstrated stronger
generalization and improved pattern retention.
The accuracy improvements are shown in Table
1 and the corresponding visualization confirms a
steady learning curve.
Table 1: Accuracy Performance Across
Training Sizes

Training Samples | Accuracy
100 0.82

500 0.87
1,000 0.90
5,000 0.92
10,000 0.924

Model Accuracy vs Sample Size

S oon

Fig 2: Model Accuracy vs Training Sample Size
showing how prediction performance increases
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as more mood sequence samples are used for N Precision vs Sample Size
training. ™

RMSE was used to evaluate prediction error
magnitude. The model demonstrated rapid error
reduction with increased data availability,
indicating better stability and forecasting s
confidence. Table 2 summarizes model RMSE a78]

2000 3000 &000 000 10000

values. i Rainiog Sampie Size
Table 2: RMSE Values for Different Dataset Fig 4: Precision improvement with increased
Sizes training samples, indicating a reduction in false-
Training Samples | RMSE positive depression risk predictions.
100 0.310 Recall was used to evaluate how effectively the
500 0.244 model identified actual depressive mood
1,000 0.210 patterns. Higher recall indicates better sensitivity
5,000 0.190 for early depression risk detection. Table 4
10,000 0.184 displays the recall metrics.
RMSE vs Sample Size Table 4: Recall Metrics Across Dataset Sizes
Training Samples | Recall
100 0.80
w" | 500 0.86
= 1,000 0.89
' 5,000 0.92
syuL) 10,000 0.932
Fig 3: RMSE trend across varying training Recall vs Sample Size
dataset sizes, demonstrating a decrease in i
prediction error as the model learns more 0.90
emotional patterns. _ 088
Precision was analyzed to determine how Sose
accurately the model identified high-risk 0.84
depressive trends without generating false 0,82
positives. Higher precision values in larger 0.80 == ———— =
sample sets indicate that the model developed O amasaple s
better discrimination between normal and Fig 5: Recall performance comparison across
depressive mood fluctuations. Table 3 presents multiple dataset sizes, showing increasing
the results. sensitivity in detecting true depressive mood
Table 3: Precision Analysis patterns.
Training Samples | Precision DISCUSSION
100 0.78 The overall results confirm the effectiveness of
500 0.84 the  RNN/LSTM architecture in forecasting
1,000 0.88 depressive mood trends based on self-reported
5,000 0.90 emotional histories. As training data increased,
10,000 0.897 all evaluation metrics improved consistently,

demonstrating the model’s capacity to learn
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long-term  emotional  dependencies. The
reduction in RMSE, coupled with increases in
precision and recall, suggests the model balances
both sensitivity and specificity, making it useful
for early depressive symptom prediction.
Furthermore, the gap between performance in
smaller datasets and larger datasets indicates that
sequential mood forecasting benefits
significantly from richer longitudinal input. The
visualization of trends confirms that once the
sample size exceeded approximately 1,000
entries, improvements became more
incremental, indicating model stabilization.
Overall, these findings support the conclusion
that deep learning—based time-series models
provide robust forecasting capabilities and can
contribute meaningfully to early detection
frameworks in digital mental health systems.

VI. CONCLUSION & FUTURE SCOPE
Conclusion

The results of this research confirm that
Recurrent Neural Networks, particularly LSTM-
based architectures, are highly effective in
forecasting depressive mood trends using self-
reported emotional histories. The system
demonstrated strong performance across all
evaluation metrics, including accuracy, RMSE,
precision, and recall, with results improving
steadily as more sequential data was introduced.
The ability of the model to detect subtle mood
patterns and long-term emotional dependencies
suggests that deep learning can complement
traditional mental health assessment methods by
offering early indication of depressive risk. The
forecasting capability of the model highlights its
potential as an intelligent digital mental health
assistant capable of supporting proactive
psychological intervention rather than reactive
diagnosis. Overall, the findings validate the
feasibility and value of using sequence learning—
based Al tools for personalized mental health
analysis and continuous mood monitoring.

SE

Future Scope

Future work may include expanding the model
to incorporate multimodal behavioral data, such
as sleep quality, activity levels, and sentiment-
extracted journal entries, to further strengthen
predictive accuracy. Real-time model adaptation
through personalized learning mechanisms may
help tailor forecasts to individual psychological
profiles for improved clinical relevance.
Additionally, integration with wearable devices
and mobile health platforms could support
continuous mood assessment and automated
alerting for early intervention. Finally, ethical
considerations, explainable Al components, and
secure deployment frameworks will be essential
to ensure safe, transparent, and responsible use
of predictive mental health systems.
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