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Abstract 
Major Depressive Disorder (MDD) is a serious mental health condition that negatively affects a person’s thoughts, 
feelings, and behaviors. It often leads to a persistent state of low mood, emotional disassociation, and a loss of interest 
in activities that were previously enjoyed. It requires accurate and timely prognosis. The increasing use of wearable 
devices helps in the continuous collection of actigraphy data which is a strong indicator of a depressed individual. 
However, the complex, non-linear, and irregular nature of actigraphy time-series makes it poorly suited for traditional 
machine learning techniques as well as conventional statistical approaches such as ARIMA-based models, which rely 
on simplified assumptions and limited temporal representation capabilities. To address these challenges, this study 
proposes DAB-HARM-Net, a hybrid ensemble framework for actigraphy-based depression prognosis. The model 
transcends the "single perspective" constraint of standard RNN (Recurrent Neural Network) by integrating parallel 
processing tiers of GRU (Gated Recurrent Unit), LSTM (Long Short-Term Memory), and BiLSTM with an Attention 
Mechanism and Residual Learning. Experimental results demonstrate that the proposed model outperforms traditional 
machine learning and standalone deep learning approaches, achieving improved robustness and generalization in 
handling noisy, imbalanced, and high-dimensional time-series data. This work highlights the limitations of 
conventional modeling techniques for actigraphy analysis and establishes the effectiveness of hybrid ensemble 
strategies for reliable, data-driven MDD prognosis. Evaluated on the "Depresjon" dataset, the proposed model 
outperforms traditional machine learning and standalone deep learning approaches. The results show that DAB-
HARM-Net achieved superior predictive accuracy with a Root Mean Squared Error (RMSE) of 187.75 and a Mean 
Absolute Error (MAE) of 76.72. These results demonstrate the model's ability to preserve clinically significant activity 
"extremes" and rhythmic disruptions, providing a robust, objective early-warning system for depressive episodes. 
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1. Introduction 
Depression affects over 350 million people globally and 
is a leading cause of chronic health issues and suicide. A 
hallmark of the disorder is the disruption of circadian 
rhythms and psychomotor activity. It is one of the most 
common mental health disorders across the globe. If left 
untreated, it can lead to chronic health issues, impaired 
functioning at work or home, and even suicide. 
Depression, or Major Depressive Disorder (MDD), is a 
multifaceted mental health condition characterized by 
persistent low mood, anhedonia, and significant changes 
in physical activity and sleep patterns. Traditionally, 
diagnosis has relied on subjective self-reporting and 
clinical interviews, which are often prone to recall bias. 
A hallmark of the disorder is the disruption of circadian 

rhythms and psychomotor activity. However, the most 
pervasive opportunity for objective monitoring lies in 
wearable technology. Modern portable devices allow for 
the continuous collection of motor activity data, which 
reflects the interaction between social rhythms and 
biological circadian clocks. Disruptions in these 24-hour 
rhythmic patterns are significant indicators of mood 
disturbances. Actigraphs are non-invasive wrist-worn 
devices which measure these cycles by recording 
gravitational acceleration units, providing a window into 
a patient’s internal state. The rise of wearable technology, 
specifically actigraph watches, has introduced a new 
paradigm of "digital biomarkers." These devices record 
continuous, high-frequency motor activity signals over 
days or weeks, creating a rich time-series dataset that 
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reflects the wearer's circadian rhythms, sleep-wake 
cycles, and physical energy levels, all of which are highly 
indicative of mental health status. Time-series data, such 
as the activity counts from an actigraph, presents unique 
challenges that traditional machine learning models (like 
Random Forests or SVMs) often struggle to address 
[11],[14]. Deep Learning (DL) is particularly 
advantageous for this data for several reasons. Unlike 
traditional methods that require manual "handcrafting" of 
features (e.g., calculating mean activity or standard 
deviation), deep learning models can automatically learn 
complex, non-linear patterns directly from the raw 
activity signals. In mental health, a single data point (e.g., 
activity at 2:00 PM) is less important than the sequence 
of activity. Deep learning is designed to recognize how 
past activity influences current states, which is essential 
for identifying symptoms like psychomotor retardation or 
insomnia [11],[24]. By maintaining a temporal memory 
of activity patterns, these architectures can detect the 
subtle rhythmic shifts that characterize depressive 
disorders [6]. However, standard sequential models often 
suffer from a "smoothing effect," failing to capture high-
intensity activity peaks. This research proposes a 
multibranch hybrid architecture to overcome these 
limitations and ensure clinical robustness. 
2. Related Work and DAB-HARM-Net Positioning 
The evolution of deep learning for psycho-physiological 
time-series analysis, specifically actigraphy, has 
transitioned from rudimentary models to sophisticated 
hybrid architectures. DAB-HARM-Net is designed to 
address the "single-perspective" limitations of 
conventional models by integrating multi-faceted 
robustness and interpretability. 
2.1 Comparison with Single Perspective models 
While traditional algorithms provide foundational 
insights, they are fundamentally constrained by severe 
class imbalance and high-dimensionality noise, which 
often result in models that favor majority-class "healthy" 
instances at the expense of clinical sensitivity [1],[20]. 
Furthermore, the "Depresjon" actigraphy data and 
longitudinal social media corpora present unique 
structural challenges such as extreme outliers in motor 
activity and non-linear dependencies between 
physiological and behavioral markers that traditional 
models like K-Means and Naïve Bayes are 
mathematically unequipped to resolve [30]. Individual 
techniques like Decision trees frequently succumb to 
either overfitting on small clinical samples or a lack of 
multimodal robustness, failing to capture the deep, 

coupled interactions between sleep, sentiment, and heart 
rate variability [1]. 
LSTM, BiLSTM, and GRU are significantly more 
advanced than traditional machine learning, they still 
possess "single perspective" architectural biases that can 
limit their reliability in complex clinical tasks like 
depression prediction. While GRUs are efficient, they 
often over-simplify complex temporal patterns in noisy 
sensor data so relying on a single GRU or LSTM can lead 
to a loss of granular detail [34], specifically studying the 
‘Depresjon’ dataset, noted that individual BiLSTM 
layers can struggle to maintain global coherence over 
very long actigraphy sequences. In mental health 
contexts, single-architecture models (like an isolated 
BiLSTM) lack the "representational diversity" required 
to handle the variance between different patients. A meta-
model allows the system to switch "expertise" between 
these learners depending on the complexity of the input 
data [4]. 
This research, therefore, moves toward a Meta-Model 
(Ensemble) approach to bridge these gaps. By 
architecting a hierarchical system that leverages deep 
learning "base learners “specifically BiLSTM and GRU 
for their superior temporal feature extraction and refining 
their outputs through a meta-classifier, we can effectively 
mitigate individual algorithmic biases. This transition is 
motivated by the need for a more stable, generalized, and 
explainable framework that transcends the "black-box" 
limitations of single models, ultimately providing a high-
fidelity diagnostic tool capable of achieving true clinical-
grade accuracy in the detection of depression. 
2.2 Comparison with Baseline Hybrid Architectures 
The CNN–LSTM framework is a foundational hybrid 
strategy that combines hierarchical feature extraction 
(CNN) with temporal dependency modeling (LSTM) 
[8][14]. The CNN Component extracts local spatial and 
temporal motifs from raw, high-dimensional sensor data 
(e.g., minute-level acceleration). The LSTM Component 
models sequential dependencies across extracted 
features. Unlike standard CNN–LSTM models that 
utilize uniform feature weighting, DAB-HARM-Net 
incorporates a dynamic Attention Mechanism. This 
provides a "cognitive filtering" layer that prioritizes 
clinically significant activity extremes and subtle 
psychomotor shifts over routine high-frequency noise, 
enhancing both predictive accuracy and model 
interpretability. 
Meenakshi and Sivasakthi [19] utilized an optimized 
CNN-LSTM framework to capture the complex 
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dimensions of depressive behavior. However, such 
sequential hybrids often face limitations in 'gradient 
stasis' when processing long-duration actigraphy 
sequences and may suffer from a 'single-path' bottleneck 
where the recurrent layer is entirely dependent on the 
preceding convolutional output. The DAB-HARM-Net 
framework transcends these constraints by employing a 
multi-tiered parallel architecture coupled with Residual 
Skip Connections. This design ensures that high-fidelity 
signal features are preserved across layers, while the 
integrated Attention Mechanism provides the model with 
the 'clinical intuition' to prioritize specific behavioral 
anomalies that standard CNN-LSTM models typically 
aggregate into uniform temporal representations." 
Nguyen et al. [22] proposed the Deep Stacked 
Generalization Ensemble Learning (DeSGEL) 
framework, which utilizes a stacking ensemble of various 
CNN architectures (e.g., VGG16 and EfficientNet) to 
improve diagnostic accuracy on the ‘Depresjon’ dataset. 
While DeSGEL effectively leverages the diversity of 
multiple base learners through meta-learning, it relies on 
standard sequential feature extraction. In contrast, 
proposed DAB-HARM-Net introduces Residual 
Learning (Skip Connections) within its parallel recurrent 
tiers. This allows DAB-HARM-Net to mitigate the 
vanishing gradient problem and preserve signal fidelity 
across deep temporal layers, a feature particularly critical 
for capturing the subtle, minute-level psychomotor shifts 
in actigraphy data that may be lost in traditional ensemble 
stacking." 
2.3 Comparison with Transformer-based Models 
While Transformer architectures (e.g., Informer, 
Temporal Fusion Transformer) excel at capturing long-
range dependencies via self-attention [28],[33], they face 
practical hurdles with actigraphy data: 

1. Computational Complexity: The quadratic 
scaling of self-attention is often prohibitive for 
the long-term monitoring periods required in 
clinical settings [16],[31]. 

2. Data Fidelity: DAB-HARM-Net achieves high 
efficiency through parallel Gated Recurrent 
Unit (GRU) and Bidirectional LSTM 
(BiLSTM) branches. This structure captures 
both short-term dynamics and global context 
without the intensive overhead of full self-
attention. 

3. Materials and Methods 

The research methodology implemented in the present 
research work is structured into five comprehensive 
stages, as illustrated in the flow diagram below. 

Figure 1: Research Methodology Flow  
Stage 1: The initial stage identifies the source of the 
motor activity records. This study utilizes the 
"Depresjon" dataset, consisting of high-frequency 
actigraphy data (minute-by-minute activity counts) 
collected via wrist-worn Actiwatch AW4 devices from 
both a clinical condition group and a healthy control 
group. 
Stage 2: In this stage, the raw sensor data is transformed 
into a robust format for deep learning. Key processes 
include resampling the data into consistent time intervals 
(e.g., hourly or 30-minute windows) and applying a 
MinMaxScaler normalization to ensure all activity counts 
are within a 0 to 1 range. To address the inherent 
complexities of time-series behavior, a windowing (look-
back) technique is applied to generate a supervised 
learning structure. 
Stage 3: Rather than a traditional single-stream network, 
this stage involves the design of an advanced Hybrid 
Metamodel. The architecture is defined by parallel 
branches, specifically LSTM, BiLSTM, and GRU, 
running concurrently to capture diverse temporal 
dependencies. This stage details the integration of a Self-
Attention mechanism to act as a cognitive filter for 
clinically significant time steps and Residual Blocks 
(Skip Connections) to prevent the loss of signal fidelity 
during deep feature extraction. 
The classification analysis explores the performance of 
the proposed Hybrid Metamodel against individual deep 
learning architectures. This phase involves a comparative 
study of how the ensemble of parallel branches and 
attention-weighted features improves the detection of 
"digital biomarkers" compared to standard recurrent or 
convolutional models. It also investigates the impact of 
different hyper-parameters, such as batch size and 
dropout rates, on model stability. 
3.1 Dataset Description 
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The present research work describes the analysis of a 
unique dataset called “Depresjon” dataset [11] that is 
made available to carry out further research work. It 
consists of sensor-collected motor activity recordings 
from 23 patients with unipolar or bipolar depression and 
32 healthy control subjects. Utilizing machine learning 
techniques, the aim of the dataset is to classify 
individuals as depressed or non-depressed. The dataset 
was originally collected for the study of motor activity in 
schizophrenia and major depression. Motor activity was 
monitored with an actigraph watch worn at the right wrist 
(Actiwatch, Cambridge Neurotechnology Ltd, England, 
model AW4). The actigraph watch measures activity 
levels. The sampling frequency is 32Hz and movements 
over 0.05 g are recorded. A corresponding voltage is 
produced and is stored as an activity count in the memory 
unit of the actigraph watch. The number of counts is 
proportional to the intensity of the movement. Total 
activity counts were continuously recorded in one-minute 
intervals. Motor activity was continuously monitored for 
this study using an Actiwatch (model AW4, Cambridge 
Neurotechnology Ltd, England) worn on the right wrist. 
This dataset was initially collected to investigate motor 
activity in individuals with schizophrenia and major 
depression. The actigraph measures activity levels with a 
sampling frequency of 32Hz, recording movements 
exceeding 0.05 g. A corresponding voltage is generated 
and stored in the actigraph's memory as an "activity 
count." The intensity of the movement is proportional to 
the number of counts recorded. Total activity counts were 
recorded continuously in one-minute intervals. The 
study's dataset is organized into two primary folders: one 
containing data for the control group and the other for the 
condition group. For each participant, a separate CSV file 
is provided containing actigraph data collected over time. 
This file includes the following columns, recorded at one-
minute intervals: 

● timestamp: Time of measurement. 
● date: Date of measurement. 
● activity: Activity measurement recorded by 
the actigraph watch. 

In addition to the actigraph data, the scores.csv file 
contains the Montgomery-Åsberg Depression Rating 
Scale (MADRS) scores and other patient characteristics. 
   
3.2 Data Preprocessing 
In this stage, the raw sensor data is transformed into a 
robust format for deep learning. This crucial stage of the 
methodology focuses on transforming the raw, often 

noisy, sensor data into a structured and clean format that 
is optimally suited for deep learning models. The quality 
and structure of the input data are paramount for the 
subsequent model's performance and generalization 
capability. 
1. Data Transformation and Standardization- The initial 
raw sensor data, which is typically collected at high 
frequency and often with irregular timestamps, must be 
standardized. This process involves two key steps: 

• Resampling and Temporal Alignment: The data 
is resampled into consistent, fixed-length time 
intervals, such as hourly or 30-minute windows. 
This uniform temporal structure is essential for 
training sequential deep learning models like 
Recurrent Neural Networks (RNNs) or 
Convolutional Neural Networks (CNNs) 
designed for time-series analysis. This process 
ensures that every input instance represents an 
equivalent duration of activity, eliminating 
artifacts introduced by variable sampling rates. 

• Feature Scaling (Normalization): To prevent 
features with larger numerical ranges from 
dominating the learning process, a scaling 
technique is applied. Specifically, the 
MinMaxScaler normalization is utilized. This 
technique scales the activity counts (the primary 
features) such that all values are strictly 
constrained within a 0 to 1 range. The 
normalization is performed using the formula: 

                                                                                
(1) 
 
where X is the original activity count, and 
min(X) and max(X) are the minimum and 
maximum activity counts observed across the 
entire training dataset, respectively. This 
standardization is critical for accelerating 
convergence and improving the stability of the 
gradient-descent optimization process. 

2. Time-Series Structuring (Windowing)- Deep learning 
models require a clear separation between input features 
(X) and the target output (Y). In the context of time-
series, where the past must predict the future (or 
characterize the present), a specialized technique called 
windowing or the look-back method is employed to 
generate this supervised learning structure. 

• The Look-Back Window: A fixed-size sliding 
window is passed over the resampled time 
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series. This window defines how many previous 
time steps (the 'history') will be used as input 
features to predict the current or future state. For 
example, a look-back window of 5 time steps 
means the data from t-4, t-3, t-2, t-1, t, is 
grouped together as a single input sample (X). 

• Supervised Learning Structure: This windowing 
process transforms the flat time series into a 
dataset of input-output pairs (X_i, Y_i), where: 

Ø X_i is a sequence (a window) of normalized 
activity counts of length W (the window size). 

Ø Y_i is the target value corresponding to the 
activity count at time t+1 (for next-step 
prediction) or a label characterizing the window 
itself (for classification). 

• Addressing Temporal Complexity: This 
technique is essential for capturing the inherent 
temporal dependencies and sequential patterns, 
the auto-correlative and complex dynamics of 
the activity time series, thereby enabling the 
deep learning model to learn meaningful 
temporal features and make informed 
predictions. 

3) Data Splitting- Unlike standard datasets where data 
points are independent, our motor activity data is 
sequential, so we applied an 80/20 split ratio: 

• Training Set (80%): This constitutes the bulk of 
the longitudinal data. The model uses this 
portion to learn the "rhythm" of the patient, 
identifying the peaks of physical activity during 
the day and the troughs during rest or depressive 
episodes. 

• Testing Set (20%): This data is held back 
entirely during the training phase. It represents 
the "future" or "unseen" activity logs used to 
evaluate the model's prognosis accuracy. 

3.3 The HARM-Net Structure 

 
Figure 2: Static Architecture of DAB-HARM-Net 

 

.Rather than a traditional single-stream network, an 
advanced DAB-HARM-Net is designed here. The 
architecture is defined by parallel branches, specifically 
LSTM, BiLSTM, and GRU running concurrently to 
capture diverse temporal dependencies. This structure 
details the integration of a Self-Attention mechanism to 
act as a cognitive filter for clinically significant time steps 
and Residual Blocks (Skip Connections) to prevent the 
loss of signal fidelity during deep feature extraction. The 
core of this research involves moving beyond the 
limitations of a traditional, single stream deep learning 
network to design and implement an advanced Hybrid 
Metamodel. This innovative architecture is specifically 
engineered for robust time-series analysis in a clinical 
context. The fundamental novelty lies in the model's 
parallel structure, which is designed to concurrently 
capture the multifaceted temporal dynamics inherent in 
clinical data. This structure is defined by three distinct 
and simultaneous processing branches and two crucial 
mechanisms. 

1. Long Short-Term Memory (LSTM): This 
branch specializes in capturing long-range 
dependencies and maintaining memory over 
extended time horizons, crucial for 
understanding gradual physiological changes or 
trends. 

2. Bidirectional LSTM (BiLSTM): By processing 
the input sequence in both forward and 
backward directions, the BiLSTM branch 
captures context from both the past and the 
future relative to the current time step. This is 
particularly valuable for events where the 
significance of a data point is defined by 
subsequent as well as prior measurements. 

3. Gated Recurrent Unit (GRU): The GRU branch, 
offering a more computationally efficient yet 
powerful alternative, focuses on capturing local, 
immediate temporal patterns and short-term 
relationships, ensuring sensitivity to rapid shifts 
or acute events in the data. 

Enhancing Feature Extraction and Cognitive Filtering- 
To elevate the model's performance beyond simple 
feature concatenation, two crucial mechanisms are 
integrated into the architecture: 

1. Self-Attention Mechanism (Cognitive Filter): A 
critical component of the Hybrid Metamodel is 
the embedded Self-Attention layer. This 
mechanism operates as a cognitive filter, 
dynamically assigning differential weights to 
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every time step in the input sequence. Its 
purpose is to quantify the clinical significance 
of various time points, allowing the model to 
focus its predictive power on the most salient or 
critical time steps (e.g., periods surrounding an 
adverse event or a significant change in vital 
signs), thereby enhancing interpretability and 
predictive precision. 

2. Residual Blocks (Skip Connections): To 
safeguard the integrity of the crucial, low-level 
signal information during the process of deep 
feature transformation, Residual Blocks (also 
known as Skip Connections) are employed. 
These connections allow the original input 
signal to bypass certain transformation layers 
and be directly added to the output of a deeper 
layer. This implementation is vital for 
preventing the loss of signal fidelity, mitigating 
the vanishing gradient problem and ensuring 
that subtle, yet clinically important, features are 
not degraded or washed out during the intensive, 
deep feature extraction process performed by 
the parallel recurrent networks. 

In essence, this model defines a comprehensive, multi-
modal temporal model that leverages the specialized 
strengths of multiple recurrent architectures, refined by a 
mechanism for cognitive data prioritization (Self-
Attention) and an architecture designed for high signal 
integrity (Residual Blocks). 
 
3.4 Classification Analysis 
To ensure fair comparison and optimal training, a 
standardized set of optimization parameters and 
regularization techniques were uniformly applied across 
all tested models: 

• Optimizer: The Adam (Adaptive Moment 
Estimation) optimizer was selected due to its 
computational efficiency, low memory 
requirements, and ability to automatically adjust 
learning rates during training, making it highly 
suitable for deep learning models [2],[17]. 

• Loss Function: The training objective was 
defined by the Mean Squared Error (MSE) loss 
function. As established by Hyndman and 
Koehler [12] and recently reinforced by Li,C. et 
al. [17], MSE is inherently sensitive to large 
errors due to its quadratic formulation. This 
sensitivity is instrumental in driving the model 
toward high predictive precision, as the 

optimization process aggressively minimizes 
significant deviations to prevent large spikes in 
the loss function. 

Critical measures were implemented to prevent model 
overfitting, a common challenge in deep learning where 
a model learns the training data too well at the expense 
of its performance on unseen data (generalization): 

• Dropout Regularization: Dropout layers (with a 
rate of 20%) were strategically incorporated into 
the network architecture. This technique 
temporarily ignores a fraction (20%) of the 
neurons in a layer during each training step, 
forcing the network to learn more robust and 
generalized representations that do not rely on 
any single set of specific features. 

• EarlyStopping Mechanism: The EarlyStopping 
callback was implemented to monitor the 
performance on a separate validation dataset. 
Training was automatically terminated when the 
validation loss ceased to show improvement 
over a specified number of epochs (patience), 
thereby ensuring that training halts at the point 
of optimal generalization, preventing the 
models from starting to memorize the training 
set. 

3.5 Validation 
To ensure the clinical robustness and reliability of the 
proposed model, a rigorous and multifaceted validation 
strategy is implemented. This validation focused on 
assessing the model's predictive power both within the 
known data distribution and its ability to generalize to an 
"unknown future." The validation includes the following 
- 
1)Forecasting Robustness: Recursive Multi-step 
Forecasting is a critical test of a time-series. A model's 
utility is its ability to maintain accuracy when its 
predictions are sequentially fed back as inputs. This 
process, known as Recursive Multi-step Forecasting, was 
employed to simulate an extended real-world deployment 
scenario [28]. 
2)Methodology: The model is tasked with generating 
predictions iteratively for an extended horizon of 50 steps 
into the future. After generating a prediction for step t+1, 
that prediction was treated as the true input value for step 
t+1 to forecast step t+2, and so on. 

• Significance: This stringent test specifically 
assessed the model's capacity to extend 
underlying temporal patterns and maintain 
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predictive integrity, even as small errors 
compounded over the 50-step forecast horizon, 
thus providing a true measure of its stability and 
long-term utility. 

3)Performance Quantification: Error Metrics - The 
predictive accuracy of the model is systematically 
quantified using a suite of standard error metrics. To 
ensure clinical relevance and interpretability, all 
predictions are inversely transformed back from the 
scaled domain to the original activity scale before error 
calculation. This allows the error values to be directly 
interpreted in the context of the physical quantity being 
measured. The following three key error metrics are 
calculated:  
Root Mean Squared Error (RMSE): 

                                                                           
 (2)                              
Where yi is the i-th actual (observed) value and ~yi is the 
i-th predicted value and n is the total number of 
observations. 
The Root Mean Square Error (RMSE) is a measure of the 
standard deviation of the prediction errors (residuals). 
Because the errors are squared, RMSE is highly sensitive 
to large errors, which makes it particularly useful for 
identifying and minimizing substantial, potentially 
critical, prediction outliers [17]. 
Mean Squared Error (MSE): 

                                                                                         
 (3) 
MSE is the average of the squared errors. Like RMSE, it 
penalizes larger errors more heavily. It is mathematically 
useful for gradient-based optimization but is reported 
alongside RMSE for completeness and direct comparison 
with other studies. 
Mean Absolute Error (MAE): 

                                                              
(4) 
MAE represents the average magnitude of the errors, 
where the errors are averaged without being squared. 
MAE is a more intuitive and robust metric as it is not 
affected by the direction of the error and is less sensitive 
to outliers than RMSE, providing a clear, linear average 
difference between predicted and actual activity levels. 
4. Results and Analysis 
In this section, we show the results that we obtained by 
implementing the HARM-Net on one of the conditions 
from our dataset. 

 
 Figure 3: DAB-HARM-Net Loss (MSE) over Epochs 
  
This graph tracks the Mean Squared Error (MSE) of the 
model over the course of its training epochs. 
Observations- 

• Both the training (blue) and validation (orange) 
loss curves drop sharply within the first 5–10 
epochs. This suggests that the initial weights 
were well initialized, and the learning rate was 
optimal for the data scale. 

• After the initial drop, the curves plateau and 
remain flat. The lack of "jitter" or significant 
spikes in the validation line indicates that the 
callback successfully lowered the learning rate 
to navigate the local minima. 

• There is almost no gap between the training and 
validation lines toward the last epochs (low 
generalization error). This proves that the model 
is not overfitting, which is a significant 
achievement for a complex architecture with 
multiple parallel branches. 

 
Figure 4: Activity Prediction (Actual vs. DAB-

HARM-Net) 
This is a "zoom-in" visualization comparing the model's 
predictions against the ground truth for a specific 
segment (usually 300 minutes) of the test data. 
Observations - 

• The red dashed line (DAB-HARM-Net) mirrors 
the green solid line (Actual Data) very closely. 
Specifically, the model correctly identifies the 
start and end of high-activity bursts. 
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• Due to the Attention Mechanism, the model 
captures the "peaks" much better than standard 
models. While some underestimation still 
occurs at the very highest points, the DAB-
HARM-Net significantly reduces the "peak-
shaving" effect. 

• The model excels at capturing temporal phases. 
It doesn't just predict the right amount of 
activity, it predicts when it will happen without 
the common 1-step lag often found in simpler 
RNNs. 

  
Figure 5:   Future Activity Forecast (50 Steps) 

This graph shows the transition from the end of the 
historical data (Blue) into a 50-step predicted "future" 
(Red Dashed). 
Observations - 

• Persistence of Patterns: Instead of the forecast 
quickly decaying into a flat mean value (a 
common failure in GRUs), the forecast 
maintains a rhythmic structure. 

• Stability over Horizon: The Residual Blocks 
play a massive role here. Because the model 
learned the "residuals" (the errors) during 
training, it is better equipped to handle the 
compounding errors that naturally occur during 
recursive forecasting. 

• The forecast seems to predict fluctuations in 
activity levels, which is a good sign that the 
model is trying to capture the dynamics of the 
time series. The forecasted line appears 
somewhat smoother than the actual historical 
data. This is common in time series forecasting, 
as models tend to generalize patterns and may 
not capture every sharp, sudden fluctuation 
present in real-world data. 

• The forecast seems to maintain activity levels 
within a plausible range, neither drastically 
overestimating nor underestimating the general 
magnitude of the activity observed in the 
historical data. 
 

Table 1 shows the metrics calculated by the experiment 

Metric Result 

Root Mean Square Error 
(RMSE) 

187.75 

Mean Absolute Error 
(MAE) 

76.72 

       
Table 1: Performance Metrics of DAB-HARM-Net 

The DAB-HARM-Net achieves significantly lower error 
rates compared to standard single-branch models where 
the values of RMSE recorded were much higher. The use 
of skip connections effectively addressed the "error 
accumulation" common in deep RNNs, allowing the 
model to refine its predictions based on learned residuals. 
The model is robust enough for real-time applications 
where forecasting the next hour of activity is necessary 
for resource planning or anomaly detection. 
The truly critical paradigm shift in the project's 
methodology is the integration of the Attention 
Mechanism. This addition is the turning point that 
transformed the project from a purely "forecasting 
exercise" into a sophisticated "diagnostic tool." The core 
benefit of the Attention Mechanism is its ability to 
dynamically weigh the importance of different time steps 
in the input sequence when making a prediction. Instead 
of treating all historical data equally, the mechanism 
learns to focus on diagnostically significant time steps, 
the specific moments, patterns, or anomalies that are 
most relevant to the current prediction or state 
assessment. This focused processing not only mitigates 
the noise sensitivity observed in the BiLSTM but, more 
importantly, provides explainability. By identifying 
which input steps the model attends to, it is easy to 
pinpoint the exact historical events or data signatures 
driving the model's output, thereby offering crucial 
diagnostic insights and enhancing the trustworthiness and 
utility of the final system. 
  
5. Conclusion and Future Work 
The developed Hybrid Metamodel definitively offers 
superior performance for reliable and effective 
depression prognosis, primarily due to its enhanced 
generalization capability and robustness. This high 
efficacy comes from a sophisticated integration of 
diverse architectural perspectives and data processing 
insights, crucially featuring a mechanism for clinical 
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relevance weighting. This clinical weighting is achieved 
through an Attention mechanism, which dynamically 
prioritizes data features deemed most significant from a 
clinical viewpoint. Consequently, the Metamodel 
accurately and sensitively identifies subtle but vital 
digital biomarkers of depression, effectively handling the 
inherent variability and heterogeneity across different 
patient behavioral profiles. A key architectural 
component ensuring this success is the incorporation of 
Residual Connections. These connections are essential 
for preserving the signal fidelity deep within the network. 
By maintaining the integrity of the input signal, the 
system can accurately capture, process, and factor in 
high-intensity activity peaks or sharp, momentary 
changes in behavior, patterns often overlooked or 
attenuated by traditional sequential models into the final 
prognostic assessment. To the best of our knowledge, no 
prior work has explored a hybrid architecture combining 
recurrent sequence modeling, residual block and 
attention mechanisms specifically for forecasting 
actigraphy-derived activity patterns associated with 
depressive behavior. Future versions of the metamodel 
could incorporate a "transfer learning" phase, where the 
global DAB-HARM-Net is fine-tuned to a specific 
individual’s unique lifestyle and activity baseline, further 
reducing the Mean Absolute Error for personalized 
prognosis. 
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