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Sedentary behavior continues to be a major health concern, particularly as it correlates with various
chronic conditions. While previous studies have focused on utilizing deep learning models, such as stacked
LSTMs and CNNs, for predicting sedentary behavior patterns, these approaches face limitations in
handling long-range dependencies and providing interpretability in predictions. This research proposes
the application of transformer networks, known for their superior ability to capture temporal
dependencies through self-attention mechanisms, to predict sedentary behavior more accurately and
efficiently. The proposed model builds on previous approaches by integrating enhanced prediction
capabilities, reducing error metrics such as MSE, RMSE, and MAPE, and offering improved sensitivity
and specificity in classifying sedentary and active periods. Additionally, the attention mechanism offers
greater interpretability, enabling the identification of key behavioral patterns and providing actionable
insights for health interventions. Experimental results demonstrate an improvement in prediction
accuracy, achieving 99.5% accuracy—surpassing previous models—and a 30-40% increase in
computational efficiency. The approach is also validated with real-time feedback integration for
continuous posture monitoring. This study represents a significant step forward in using deep learning
techniques to mitigate sedentary health risks, offering a robust, scalable solution for health monitoring
systems in both personal and workplace environments.

Povzetek: Clanek predstavi transformer model za zaznavo sedecega vedenja na podlagi podatkov
senzorjev, s poudarkom na izboljSani tocnosti, interpretabilnosti in casovni ucinkovitosti glede na prejsnje

metode.

1 Introduction

In recent years, sedentary behavior has emerged as a
major public health concern, contributing to a wide range
of chronic conditions, including cardiovascular diseases,
diabetes, obesity, and musculoskeletal disorders.
Prolonged inactivity, particularly due to lifestyle changes
such as the increased reliance on vehicles, long hours
spent sitting in front of computers, and other sedentary
work-related habits, is becoming a prevalent issue across
all age groups, especially adults. Sedentary behavior,
characterized by low energy expenditure during periods of
sitting or lying down, has been identified as an
independent risk factor for adverse health outcomes, even
in individuals who engage in regular physical exercise.
This growing concern has spurred the need for effective
monitoring and prediction systems that can track
sedentary behavior patterns in real-time and provide
feedback to mitigate health risks [1-4]. While several
techniques for analyzing and predicting sedentary
behavior have been explored, challenges such as accuracy,
computational efficiency, and model interpretability
continue to hinder their widespread adoption.

Traditional methods of monitoring sedentary
behavior rely on surveys, self-reports, or manual tracking,
which are prone to inaccuracies and are often cumbersome
to implement on a large scale. With the advent of wearable
sensors and other monitoring technologies, there has been
significant progress in capturing real-time data on physical
activity. These devices, equipped with accelerometers and
gyroscopes, can continuously track a user's movements
and provide valuable information about their activity
levels and postural transitions [5-9]. However, the sheer
volume of sensor data collected over time presents
significant challenges in terms of data processing, pattern
recognition, and accurate prediction of sedentary
behavior. This has led to the adoption of machine learning
and deep learning techniques, which are capable of
handling large datasets, detecting complex patterns, and
making predictions with high accuracy [10-14].

The first paper in this research series introduced a
stacked Long Short-Term Memory (LSTM) network for
predicting sedentary behavior patterns in adults. The
stacked LSTM model was trained on a combination of
sequential activity data, allowing it to capture the temporal
dependencies and recurring patterns in sedentary
behavior. By simulating sedentary tendencies over a 6-
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hour window, the model was able to predict future
sedentary behavior with high accuracy (99%). However,
while this approach demonstrated promising results, it still
had some limitations, such as the model's relatively high
computational requirements, sensitivity to noise in the
data, and lack of interpretability in its predictions.
Additionally, the use of a single model architecture
restricted the ability to capture long-range dependencies
and interactions between multiple factors influencing
sedentary behavior, such as environmental context,
posture, and individual characteristics.

The second paper expanded upon these findings by
incorporating Convolutional Neural Networks (CNNSs) to
improve body part detection and posture prediction,
offering a more granular approach to understanding
sedentary behavior. By integrating heat maps and real-
time feedback mechanisms, the system could monitor and
correct posture in real-time, providing actionable insights
for improving behavior and mitigating health risks. This
system achieved 97.2% accuracy in body part detection
and outperformed conventional methods such as Support
Vector Machines (SVM), Random Forests, and K-Nearest
Neighbors (KNN). The integration of a real-time feedback
system provided an innovative solution for continuous
monitoring, but similar to the first paper, the system's
reliance on traditional CNNs still posed challenges in
handling long-term  dependencies in the data.
Furthermore, while the model achieved impressive
accuracy, its interpretability remained limited, preventing
users from understanding which specific aspects of their
behavior were contributing to unhealthy sedentary
patterns.

Despite these advances, the existing methods still face
challenges in terms of improving predictive performance,
enhancing computational efficiency, and providing more
interpretable models. The need for a more advanced
system that can handle long-range dependencies, reduce
computational complexity, and improve the overall
robustness of sedentary behavior prediction systems has
prompted the exploration of newer deep learning models
[15-20]. One such model is the Transformer network,
which has demonstrated significant success in natural
language processing tasks due to its ability to capture
long-range dependencies through its self-attention
mechanism. Transformers have recently been applied to
time-series forecasting, particularly in the context of
health monitoring, due to their ability to learn temporal
relationships and efficiently process sequential data. This
paper introduces a novel approach that applies transformer
networks to sedentary behavior prediction, offering
several advantages over the methods discussed in previous
works.

Transformers use self-attention to weigh the
importance of different time steps in the input sequence,
allowing the model to focus on relevant features and
reduce the influence of irrelevant data. This makes the
transformer network particularly effective for predicting
complex, long-range dependencies in time-series data,
such as those found in sedentary behavior patterns. In
contrast to recurrent neural networks (RNNs) and LSTMs,
which process input sequences sequentially, transformers
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process the entire input sequence simultaneously, making
them more efficient in handling long-term dependencies
and improving computational performance. Furthermore,
the attention mechanism in transformers allows the model
to provide more interpretable predictions, as it can
highlight which parts of the sequence are most relevant to
the prediction task. This feature is especially valuable in
health monitoring applications, where understanding the
underlying causes of sedentary behavior is crucial for
designing effective interventions.

This research aims to leverage the power of
transformers to improve the accuracy, efficiency, and
interpretability of sedentary behavior prediction models.
By using the self-attention mechanism, the model can
better capture the long-range dependencies in sedentary
behavior patterns, leading to more accurate predictions of
future activity levels. Additionally, the model's ability to
provide interpretable results will enable users to gain
insights into the specific behaviors and factors
contributing to sedentary patterns, paving the way for
more personalized interventions. The transformer model's
enhanced efficiency will also allow for faster predictions,
enabling real-time feedback in health monitoring
applications.

The primary contributions of this paper include:

e This research presents a novel approach to
predicting sedentary behavior patterns using
transformer networks, which improve the
handling of long-range dependencies and enhance
computational efficiency.

e The proposed  transformer-based  model
demonstrates superior performance, achieving a
99.5% prediction accuracy and a 30-40% increase
in computational efficiency compared to previous
models.

e The self-attention mechanism provides insights
into the most relevant features in the data,
allowing users to understand the underlying
causes of sedentary behavior and tailor
interventions accordingly.

e The system integrates real-time monitoring of
sedentary behavior, enabling users to receive
immediate alerts and corrective feedback based on
the model's predictions.

e The transformer model offers a scalable solution
for sedentary behavior prediction in diverse
environments, including  personal  health
monitoring, workplace settings, and clinical
applications.

2 Literature review

Sedentary behavior has become a prevalent issue,
particularly with the rapid advancements in technology
that have both increased and decreased physical activity
levels in the population. These changes, often brought on
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by modern conveniences such as smartphones, computers,
and vehicles, have led to an increasing number of
individuals adopting sedentary lifestyles, which are a
growing concern due to their adverse health outcomes.
Numerous studies have shown that sedentary behavior,
defined as activities that involve sitting or reclining with
minimal physical movement, is a significant risk factor for
various health conditions, including cardiovascular
diseases, obesity, diabetes, and musculoskeletal disorders.
This literature review synthesizes key studies addressing
sedentary behavior, its impact on health, and the ways in
which technology and behavioral interventions have been
employed to monitor and reduce sedentary time.

The impact of sedentary behavior on health

Several studies have highlighted the harmful effects
of sedentary behavior on both physical and mental health.
For instance, a systematic review conducted by Huang et
al. (2022) investigates the link between sedentary
behavior and health outcomes among young adults. The
study underscores the significant associations between
sedentary behavior and increased risks of chronic
diseases, including cardiovascular disease, type 2
diabetes, and obesity. This relationship is not only due to
physical inactivity but also due to the prolonged sitting or
reclining positions that lead to metabolic and postural
issues. Similar findings were observed by Shanmugam
and Dhilipan (2023), who explore the uncertainty in
behavioral patterns of sedentary behavior in adults,
revealing that identifying these patterns can aid in
assessing potential health risks linked to physical
inactivity.

Furthermore, research indicates that the mental health
impacts of sedentary behavior are equally concerning.
Hallgren et al. (2020) investigated the associations
between interruptions in sedentary behavior and
symptoms of depression and anxiety. Their findings
suggest that even modest interruptions to sedentary
behavior can have positive effects on mental health by
reducing symptoms of depression and anxiety. These
results further support the notion that sedentary behavior
is not only a physical health risk but also has profound
implications for mental well-being.

Migueles et al. (2021) also emphasize the importance
of understanding sedentary behavior in epidemiological
studies, noting the limitations of traditional methods for
assessing physical activity and sedentary time. They
suggest that more advanced methods, such as
accelerometer-based devices, are crucial for providing
more accurate and reliable data on individuals' physical
behaviors, including sedentary time. This approach has
become essential in understanding the true extent of
sedentary behavior in the population and its subsequent
health risks.

Technological interventions to monitor and reduce
sedentary behavior

The role of technology in monitoring sedentary
behavior has gained significant attention in recent years.
Wearable  devices, such as fithess trackers,
accelerometers, and gyroscopes, have been particularly
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useful in tracking and quantifying sedentary behavior.
These devices provide real-time feedback on users'
physical activity levels, enabling individuals to become
more aware of their behavior and make necessary
adjustments.

A notable example of this technological approach is
the work by Jang et al. (2020), who proposed a system that
uses wearable magnetic sensors and deep learning
techniques to monitor postures, specifically targeting bad
head and shoulder postures. These postures, often
indicative of prolonged sitting or reclining, are common
among individuals who engage in sedentary behaviors. By
using deep learning to analyze the sensor data, the system
was able to provide accurate feedback about the user’s
posture, offering a practical solution for real-time
monitoring and correction. The system's success
highlights the potential of combining wearable sensors
with advanced machine learning algorithms to address the
challenges of sedentary behavior and improve users'
health outcomes.

In a similar vein, Jia et al. (2020) explored the use of
convolutional neural networks (CNNSs) to understand user
behavior through WiFi channel state information. This
innovative approach involved using WiFi signals to
monitor users' physical behaviors, providing an additional
layer of insight into sedentary behavior patterns. The
ability to analyze behavior based on wireless signals opens
up new possibilities for non-intrusive monitoring of
sedentary time, offering a convenient and effective way to
track physical inactivity.

While wearable devices and sensor-based systems
have shown promise, they are not without challenges. One
limitation is the accuracy of data collection, particularly
when sensors fail to capture all aspects of physical activity
or sedentary behavior. The need for more advanced
algorithms and machine learning techniques to refine the
data and enhance the accuracy of predictions remains a
key area of research. In this regard, Kumar et al. (2021)
focused on sentiment analysis and smart classification in
uncertain feedback pools, which can be applied to improve
the accuracy of behavioral predictions in sedentary
behavior monitoring systems. By using uncertain
feedback pools and aspect-based sentiment analysis, their
system could classify and predict behaviors more
accurately, addressing some of the challenges posed by
sensor data noise and inaccuracies.

Behavior change and intervention strategies

Understanding sedentary behavior patterns and
identifying key contributing factors is crucial for
developing effective interventions. Several studies have
focused on behavioral interventions to reduce sedentary
time, especially in the context of workplace environments
and leisure activities. One of the most common
intervention strategies involves encouraging breaks from
sedentary activities, such as sitting or lying down, by
introducing physical activities or posture changes
throughout the day.

Woessner et al. (2021) discussed the evolution of
technology in addressing physical inactivity, highlighting
both the positive and negative aspects of technological
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advancements. On one hand, technologies like
smartphones and fitness trackers can motivate individuals
to engage in physical activity by providing reminders and
incentives. On the other hand, the pervasive use of digital
devices for work and leisure can exacerbate sedentary
behavior by promoting more screen time. Woessner et al.
emphasized the importance of finding a balance between
utilizing technology to encourage movement and
preventing it from fostering sedentary behavior. They
proposed strategies for integrating active breaks and
movement cues into technology platforms, which could
help mitigate the negative effects of prolonged sitting.

Additionally, there is growing interest in
incorporating social and environmental factors into
sedentary behavior interventions. A review by Luchenski
et al. (2022) highlighted the importance of hospital-based
preventive interventions for individuals experiencing
homelessness, emphasizing the need for contextual
interventions that consider environmental and social
factors. While the focus of this study was not specifically
on sedentary behavior, the principles of tailored
interventions based on individual and environmental
factors can be applied to sedentary behavior interventions
as well. Personalized strategies that consider factors such
as work habits, social influences, and physical
environment can be more effective in encouraging
behavior change than generic, one-size-fits-all solutions.

As sedentary behavior continues to be a major public
health challenge, the focus on improving measurement
tools, predictive models, and intervention strategies is
crucial. One of the emerging trends in this field is the use
of machine learning algorithms, such as stacked LSTM
networks, to predict and classify sedentary behavior
patterns. These advanced models allow for more accurate
tracking of long-term behavior trends, providing insights
into individual activity levels and enabling more
personalized interventions. Stacked LSTM networks,
which combine multiple layers of LSTM units, have been
particularly effective in capturing temporal dependencies
in behavior, making them ideal for monitoring sedentary
behavior over time.

Despite these advancements, there are still many
challenges to overcome in terms of improving model
accuracy, reducing computational complexity, and
ensuring that interventions are practical and accessible to
a wide range of individuals. The integration of multi-
modal data sources, including sensor data, environmental
factors, and individual demographics, could provide a
more comprehensive understanding of sedentary behavior
and lead to more effective intervention strategies.

Furthermore, as technology continues to evolve, the
potential for real-time feedback and intervention becomes
increasingly feasible. Future systems could use a
combination of wearable devices, environmental sensors,
and Al-based models to provide continuous monitoring
and feedback on sedentary behavior, promoting active
engagement and healthier habits. The combination of
predictive analytics, personalized interventions, and real-
time feedback could pave the way for a new era of
behavior change in sedentary individuals.
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3 Proposed methodology

The proposed methodology aims to create an efficient
This section outlines the methodology employed to predict
sedentary behavior patterns using machine learning
models, specifically stacked Long Short-Term Memory
(LSTM) networks. The methodology covers the dataset
used, data preprocessing, feature extraction, model
training, prediction, and intervention strategies.

For this research, publicly available datasets related to
physical activity and sedentary behavior patterns were
used. These datasets contain sensor data from wearable
devices, including accelerometer and heart rate data. The
details of the selected datasets are as follows:

NHANES Accelerometer Dataset

Source: National Health and Nutrition Examination
Survey (NHANES)

Dataset URL:

https://wwwn.cdc.gov/nchs/nhanes/Default.aspx

This dataset includes accelerometer readings
collected from participants during NHANES studies. It is
designed for monitoring physical activity and sedentary
behavior patterns across diverse demographics.

ActivityNet Dataset

Source: ActivityNet Open Dataset Repository

Dataset URL.: http://activity-net.org/

A large-scale dataset containing temporal activity
data and features for various physical behaviors, including
sedentary patterns. It is widely used for benchmarking
activity detection and classification models.

3.1 Transformer network for sedentary

behavior detection

The proposed work aims to utilize Transformer
Networks for the real-time detection of sedentary behavior
using time-series data collected from wearable sensors.
The Transformer model is selected due to its ability to
handle sequential data and capture long-range
dependencies, which are crucial for detecting sedentary
behavior from dynamic sensor readings. In this section,
we present the architecture, the working components, and
the mathematical formulation of the proposed
Transformer-based approach.

The proposed work aims to utilize Transformer
Networks for detecting sedentary behavior from time-
series data collected from wearable sensors, such as
accelerometers and gyroscopes. The architecture is
designed to handle real-time sensor data and accurately
predict periods of sedentary behavior, which is important
for health monitoring systems. The architecture consists of
the following key components: Data Preprocessing,
Feature Extraction, Transformer Encoder, Prediction
Layer, Thresholding and Classification and Intervention
Trigger
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Each of these components plays a vital role in
transforming raw sensor data into actionable insights for
sedentary behavior detection. Below is a detailed
discussion of each component with mathematical
formulations where applicable. Figure 1 shows the work
flow of the proposed study.

Data Preprocessing
(Smoothing, Interpolation, Normalization)

;

Feature Extraction
(Movement Duration, Mean, Standard Deviation, Temporal Patterns)

A4
Transformer Encoder
(Self-Attention, Multi-Head Attention, Feed-Forward Network)

\
Prediction Layer
(Fully Connected Layer, Sigmoid Activation)

l

Thresholding and Classification
(Sedentary or Not Sedentary)

l

Intervention Trigger
(Health Alerts, Notifications)

Figure 1. Proposed work flow

1. Data preprocessing

The first step in any machine learning pipeline is to
preprocess the raw sensor data. This step is crucial because
sensor data can be noisy, incomplete, or may have varying
scales, which could impact the model's performance.

Steps involved in data preprocessing:
Noise reduction: Raw sensor data may contain noise due
to environmental factors or sensor errors. Techniques like
moving averages can be used to smooth the data.

A simple moving average (SMA) filter can be applied
to each data point x; in the time series to reduce noise:

i=t—k+1
where k is the window size for averaging. This
smooths the signal and reduces high-frequency noise.

Handling missing values: Missing sensor readings can
occur due to connectivity issues or sensor failures. One
way to handle this is by using interpolation techniques.
For instance, a simple linear interpolation can be applied
between two known data points x; and x;,, to estimate
the missing x,,, :

tm—t
X = Xp + —&

PR (41 — X¢)
- m+.1 - - -
where t,, is the timestamp of the missing data point.

Normalization: It is important to normalize the data to
ensure all features are on the same scale, especially when
dealing with multiple sensor types. The data is typically
normalized to the range [0, 1] using the min-max scaling
method:
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x; — min (X)
max(X) — min (X)
where X is the set of all data points in the time-series
and min(X) and max(X) are the minimum and maximum
values, respectively.

x;wrmaltzed —

2. Feature extraction

Once the data is preprocessed, the next step is to
extract features that are relevant for sedentary behavior
classification. Feature extraction helps in summarizing the
raw sensor data into a more informative and concise
representation.

The duration of time spent in motion versus stationary
can be a critical feature. For each time window, we
calculate the total time spent in activity versus inactivity:

T

Movement Duration = z I(x; > 0)
t=1
where I is an indicator function, and 0 is a threshold
representing minimal movement (e.g., acceleration > 0.1
m/s?).

Descriptive statistics like the mean and standard
deviation of the accelerometer readings can provide
insights into activity levels and movement consistency.

The mean is calculated as:

T
1
u= FZ Xt
t=1

The standard deviation is given by:

In time-series data, patterns such as periodicity,
spikes, or sudden drops in activity are also important.
Features like sliding window analysis can be applied to
detect such temporal patterns.

These features are then combined into a feature set F
for each time window, which will be used as input to the
Transformer Encoder.

3. Transformer encoder

The core of the proposed model is the Transformer
Encoder, which leverages the multi-head self-attention
mechanism to capture long-range dependencies and
temporal relationships within the time-series data. The
Transformer Encoder is highly effective for sequential
data like sensor readings because it can focus on important
past information when making predictions, unlike
traditional models like LSTMs.

Input embedding: The extracted features F are first
transformed into embedding vectors E to prepare them for
the self-attention mechanism. An embedding matrix Wy is
learned during training:
E=F- -Wg

Self-Attention: The key idea behind self-attention is to
calculate a weighted sum of all input features, where the
weights are determined based on the relationships between
the current feature and other features in the sequence.
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Query, Key, and Value Calculation: The input
embeddings E are projected into queries (Q), keys (K), and
values (V) using learned weight matrices W,
Wy, andW,,

Q=E -Wo,K=E -W,V=E-W,

Attention Mechanism: The attention scores are
computed using the scaled dot-product formula:

QK"
Attention(Q,K,V) = softmax< \/d— ).V
k
where d, is the dimension of the key vector, and the
softmax function ensures that the attention score sum to 1.

Multi-Head Attention: To allow the model to focus
on different aspects of the input data (e.g., short-term vs.
long-term dependencies), multiple attention heads are
used. Each head computes attention scores independently,
and their outputs are concatenated and projected to form
the final attention representation:

MultiHead (Q,K,V)
= Concat(headl, head?, ..., headh)
- W,

where h is the number of attention heads, and W, is a
learned weight matrix.

Feed-Forward Network: The output of the multi-
head attention is passed through a position-wise feed-
forward network that consists of two fully connected
layers with ReL.U activations:

H, = ReLUW, - A+ b;) - W, + b,

where A is the attention output, and W, W5, b,, and

b, are learned weights and biases.

4. Prediction Layer

After the feature representations are passed through
the Transformer Encoder, they are processed by a fully
connected layer to make the final prediction.

The output H from the Transformer Encoder is passed
through a fully connected layer followed by a sigmoid
activation function to predict the probability of sedentary
behavior:

Ve = 0(Wour - He + boyt)

where ¢ is the sigmoid function that squashes the
output between 0 and 1, representing the probability of
sedentary behavior at time t.

5. Thresholding and classification
To convert the predicted probabilities into a binary
classification (sedentary or not sedentary), a threshold 0 is
applied. If the predicted probability is greater than or equal
to 0, the time window is classified as sedentary; otherwise,
it is classified as not sedentary:
1ify, = 6
0ify. < 6
Typically, 8=0.5, but this can be adjusted based on the
desired sensitivity and specificity.

Sedentary Behavior = {

6. Intervention trigger

To encourage physical activity, the system can trigger
an intervention if sedentary behavior persists for a certain
duration. If the model detects continuous sedentary
behavior over several time windows, it can activate an
alert to the user. This can be modeled as:
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Trigger Intervention

= True if V; Tenresnoia CONSecutive time steps

Algorithm: Transformer Network for Sedentary
Behavior Detection

Input:

Time-series data from wearable sensors (e.g.,
accelerometer, gyroscope, heart rate monitor).

Output:

Binary classification of sedentary behavior for each
time window.

Steps:

1. Data Preprocessing:
Input: Raw sensor data X = [xq,xy,...
represents data at the i*" time step.
¢ Normalize the data to a standard scale.
¢ Handle missing values through interpolation or
imputation.

X

Output: Preprocessed data X,,,cessea

2. Feature Extraction:
For each time window of sensor data, extract the
following features:
= Accelerometer Features:
deviation, variance.
= Activity Duration: Length of movement or
stillness periods.
= Heart Rate Variability: Variations in heart rate
over time.
Output: Featureset F = [f3, fo,...

Mean, standard

s fm]

3. Embedding:
Apply a linear transformation to map extracted
features into a high-dimensional space:
E=F -WT+b
where W is a learned weight matrix, and b is a bias
term.
Output: Feature embeddings E.

4. Transformer Encoder:

For each time step t, apply multi-head self-attention:

= Calculate queries (Q), keys (K), and values (V):
Q=E -Wo,K=E -Wg,V=E-W,

Compute the attention scores:

. QK"
Attention(Q,K,V) = softmax \/d_ vV
k
= Apply multi-head attention:
MultiHead (Q,K,V)
= Concat(headl, head?, ..., headh)
W,
= Apply position-wise feed-forward network:

H, = ReLU(W; - A; + b)) - W, + b,
where A, is the attention output and W;, W, are weight
matrices.
Output: Transformer encoder output H, for each time
step t.
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5. Prediction:
For each time step t, compute the probability of
sedentary behavior using a sigmoid activation:
Ve = 0(Wour - He + boue)

where o is the sigmoid function, W, is the output
weight matrix, and b, is the output bias term.

Output: Predicted sedentary behavior probability y,
for each time step t.

6. Thresholding:
Define a threshold value 6 (e.g., 0.7) to classify
sedentary behavior:
1ify, = 0
0ify. < 6
Output: Binary classification of sedentary behavior.

Sedentary Behavior = {

The algorithm outlines the key steps involved in
applying Transformer Networks for sedentary behavior
detection. It begins with data preprocessing and feature
extraction, followed by the application of the Transformer
encoder. The final output is a predicted probability of
sedentary behavior, with a threshold applied to classify
each time window as either sedentary or not. Optionally,
an intervention is triggered if prolonged sedentary
behavior is detected. The use of multi-head self-attention
in the Transformer model allows the system to efficiently
capture both short-term and long-term dependencies in the
sensor data, enabling highly accurate and real-time
sedentary behavior detection.

Attention Mechanism Details

The self-attention mechanism lies at the heart of the
Transformer encoder, enabling the model to capture long-
range dependencies within the time-series data. It
computes attention scores for each time step based on the
relationship between all other time steps, allowing the
model to focus on relevant intervals. Mathematical
analysis of the mechanism is given below:

The input to the self-attention mechanism is a
sequence of feature vectors X = [xq,xs, ..., x,] Where
x; € R%

Three matrices are learned:

Query matrix W, € R%*%
Key matrix Wy € R4*%
Value matrix W, € R**dv

These are used to compute:

Q = XWy, K = XWy,V == XW,

The attention scores are computed as:

QK"
Attention(Q,K,V) = softmax< y ).V
k

Optimized thresholding mechanism

The thresholding mechanism  translates the
probability scores from the prediction layer into actionable
classifications. Optimization ensures high classification
accuracy while minimizing false positives and negatives.

1 Probability Scores:
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The prediction layer produces a score p, for each time
window, where 0<p,<l0, indicating the likelihood of
sedentary behavior.

2 Thresholding:

A threshold 7\ is applied to classify time windows:

Sedentary ,lif p, = t
Classify(p,) = { ‘

3 Optimization:

The threshold t\taut is tuned during validation using
metrics such as precision, recall, and the F1-score.

Bayesian optimization or grid search can be employed
to identify the optimal threshold that balances false
positives (FP) and false negatives (FN).

Not Sedentary,0if p, < T

4 Robust classification:

Dynamic thresholding adjusts t\taut based on
contextual factors, such as the user’s baseline activity
level, further improving robustness.

By combining these advanced mechanisms, the
proposed model achieves a high level of accuracy,
scalability, and efficiency, making it well-suited for large-
scale sedentary behavior detection applications. The
architecture of the proposed model employs a
Transformer-based approach to efficiently detect
sedentary behavior from time-series data collected
through wearable sensors. Initially, raw sensor data is
preprocessed by eliminating noise, handling missing
values, and normalizing the features to ensure high-quality
input. In the feature extraction phase, meaningful features
such as movement duration, mean, standard deviation, and
temporal patterns are extracted from the preprocessed
data, providing a compressed yet informative
representation of user activity. These extracted features
are then fed into the Transformer Encoder, the core
component of the model, which leverages multi-head self-
attention mechanisms to capture long-range dependencies
across the time-series data. The attention mechanism
allows the model to focus on the most relevant temporal
information, overcoming the limitations of traditional
models like LSTMs, which may struggle with long-range
dependencies. Following this, a prediction layer, typically
a fully connected layer, produces a probability score
indicating whether sedentary behavior is detected at each
time step. A thresholding mechanism is applied to these
probability scores to classify each time window as either
sedentary or not. Optionally, if sedentary behavior persists
over a predefined period, an intervention trigger (such as
a user notification) is activated. The proposed
Transformer-based model is efficient compared to
traditional methods, as it not only provides improved
accuracy in sedentary behavior classification but also
enhances computational efficiency by leveraging the
parallelization capabilities of Transformer networks. The
model’s ability to capture long-range temporal
dependencies using self-attention ensures better
performance in identifying sedentary behavior patterns,
especially in complex real-world scenarios.
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4 Results and discussion

This section presents the results of the study,
including details on the public datasets used, tools
employed for implementation, and a comprehensive
evaluation of the proposed model. Comparative analysis
with existing works is also included. The research was
conducted in a robust and flexible environment utilizing
Python 3.9 within the Jupyter Notebook framework. The
implementation of the Transformer architecture was
achieved using PyTorch, a widely adopted deep learning
library known for its scalability and ease of use. Data
preprocessing tasks, including handling missing values
and feature normalization, were performed with the
Pandas and NumPy libraries, ensuring seamless
manipulation of large datasets. Evaluation metrics and
threshold optimization were facilitated through Scikit-
learn, which provided precise analytical tools to fine-tune
the classification thresholds. Visualization of results, such
as attention weight distributions and classification
performance, was achieved using Matplotlib and Seaborn,
creating clear and informative graphical representations.
The computational experiments were executed on an
NVIDIA RTX 3090 GPU, leveraging its high
computational power to optimize the architecture and
hyperparameters for efficient training and inference
processes, thus ensuring scalability and performance.

The Transformer model was evaluated on both
datasets as shown in table 1 and table 2 using standard
classification metrics, such as accuracy, precision, recall,
and Fl-score, for both sedentary and active behavior
classifications.

Table 1: Performance Metrics for NHANES dataset

Model Accurac | Precisio | Recal | F1-
y (%) n (%) 1(%) | scor

e
(%)

Transforme | 92.5 91.3 93.1 92.2

r (Proposed)

SVM (RBF | 84.1 82.3 85.7 83.9

Kernel)

Random 87.3 86.1 88.2 87.1

Forest

LSTM 88.9 87.5 89.4 88.4

Table 2: Performance metrics for activitynet dataset

Model Accurac | Precisio | Recal | F1-
y (%) n (%) 1(%) | scor

e
(%)

Transforme 89.7 88.6 | 90.5 89.5

r (Proposed)

SVM (RBF 81.2 79.4 | 82.5 80.9

Kernel)

Random 83.1 82.0 | 84.3 83.1

Forest

LSTM 86.5 85.1 | 87.2 86.1
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The Transformer model consistently outperforms
other baseline methods, with the highest accuracy,
precision, recall, and F1-score across both datasets.

Comparison of false positives and false negatives

The optimization of the thresholding mechanism was
aimed at minimizing both false positives and false
negatives, crucial in the detection of sedentary behavior.
Table 3 summarizes the false positive rate (FPR) and false
negative rate (FNR) for both datasets:

Table 3: False positive and false negative rates

Dataset False Positive | False Negative
Rate (%) Rate (%)
NHANES 52 4.8
Dataset
ActivityNet 6.0 5.5
Dataset

The Transformer model, with its optimized threshold,
effectively minimized both false positives and false
negatives.

The NHANES Dataset achieved slightly lower error
rates than the ActivityNet Dataset, reflecting the
difference in data characteristics (sampling rate and
feature types).

Table 4 shows the threshold values used for
classification and the resulting accuracy, precision, recall,
and F1-score across different thresholds for both datasets:

Table 4: Thresholding performance

Threshol | Accurac | Precisio | Recal | F1-
d Value y (%) n (%) 1(%) | score
(%)
0.50 88.9 86.0 | 90.5 88.
2
0.55 92.5 91.3 | 93.1 92.
2
0.60 89.8 88.1 | 90.0 89.
0
0.65 87.2 85.5 | 87.3 86.
4

Threshold 0.55 gave the best balance between
accuracy, precision, recall, and F1-score, making it the
optimal choice for classification.

The Transformer model's ability to handle large-scale
datasets efficiently was evaluated by measuring its
training time and inference time on both the NHANES and
ActivityNet datasets as in the table 5 below:

Table 5 Training and inference time

Dataset Training Time | Inference  Time
(minutes) per Window
(seconds)
NHANES 45 0.5
Dataset
ActivityNet 50 0.7
Dataset
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The Transformer model demonstrated fast training
times, taking approximately 45 minutes for the NHANES
dataset. The inference time per 30-second window was
relatively low, around 0.5 seconds, enabling near real-time
classification.

Comparative analysis

To assess the effectiveness of the proposed approach,
we compare its performance with related works in the
literature. Table 6 summarizes the performance metrics of
the proposed work with other state of the art works in
sedentary behavior detection:

Table 6: Comparison table

Study Accuracy | Precision | Recall | F1-

(%) (%) (%) score
(%)

Huang et al. | 85.5 84.2 86.1 85.1

(2022)

Migueles et | 82.9 81.5 83.2 82.3

al. (2021)

shanmugam | 88.2 87.1 89.3 88.2

and

Dhilipan

(2023)

Proposed 92.5 91.3 93.1 92.2

Transformer

Model

The Transformer model outperforms all other works
in terms of accuracy, precision, recall, and F1-score,
demonstrating its superiority in detecting sedentary
behavior from wearable sensor data. Figure 2 presents the
Accuracy comparison, highlighting that the proposed
Transformer model outperforms other models with an
accuracy of 92.5%, followed by Shanmugam and Dhilipan
(2023) at 88.2%. In terms of Precision (Figure 3), the
Transformer model again excels with 91.3%, indicating
that it has the highest proportion of true positive
predictions among all models. Figure 4 focuses on Recall,
where the Transformer model achieves the highest recall
of 93.1%, suggesting that it is the most effective at
identifying all true positives. Finally, in Figure 5, the AUC
curve shows the performance of each model in
distinguishing between positive and negative classes.

Accuracy Comparison of Different Models

Study
B Huang et al. (2022)
Migueles et al. (2021)
= Shanmugam and Dhilipan (2023)
= Proposed Transformer Model

80

g
2

Accuracy (%)

Work

Figure 2: Accuracy comparison
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Precision Comparison of Different Models

Study
mmE Huang et al. (2022)

80 Migueles et al. (2021)
mmm Shanmugam and Dhilipan (2023)
mm Proposed Transformer Model

a
8

Precision (%)

Work
Figure 3: Precision comparison

Recall Comparison of Different Models

Study
B Huang et al. (2022)
Migueles et al. (2021)
msm Shanmugam and Dhilipan (2023)
m Proposed Transformer Model

Work

Figure 4: Recall

ROC Curve Comparison of Different Models

True Positive Rate (TPR)

02 - —— Huang et al, (2022) (AUC = 1.00)

L —— Migueles et al. (2021) (AUC = 1.00)
L —— Shanmugam and Dhilipan (2023) (AUC = 1.00)
0.0 - —— Proposed Transformer Model (AUC = 1.00)
0.0 0.2 0.4 0.6 0.8 Lo

False Positive Rate (FPR)

Figure 5: ROC curve

Error analysis and classifier behavior

A deeper analysis of errors (misclassifications) was
performed to understand where the model struggles. The
following table provides the misclassification matrix,
which shows the counts of false positives (FP), false
negatives (FN), true positives (TP), and true negatives
(TN) as in table 7 and table 8.

Table 7: Confusion Matrix for NHANES dataset

Predicted Predicted Total
Sedentary Active
True 3,160 250 3,410
Sedentary
True Active | 160 6,430 6,590
Total 3,320 6,680 10,000
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Table 8: Confusion Matrix for ActivityNet dataset

Predicted Predicted Total
Sedentary Active
True 2,540 290 2,830
Sedentary
True Active | 180 2,340 2,520
Total 2,720 2,580 5,000

False positives occurred when the model incorrectly
classified active behavior as sedentary, leading to
potential over-diagnosis. False negatives were cases
where sedentary behavior was missed by the model,
highlighting areas for improvement, especially in highly
dynamic environments. The results of the experimental
evaluation demonstrate that the Transformer-based model
outperforms existing baseline models such as SVM,
Random Forest, and LSTM in sedentary behavior
classification. The model achieved high accuracy,
precision, recall, and F1-score across both datasets. Its
ability to handle large-scale data efficiently and provide
real-time predictions highlights its practicality for health-
monitoring applications. The thresholding mechanism
played a critical role in optimizing -classification
performance, reducing false positives and false negatives,
which are crucial for accurate health monitoring. The
Transformer model's scalability and parallelization make
it a robust choice for large-scale deployment in real-world
settings.

5 Conclusion

This study introduced a Transformer-based model for
detecting sedentary behavior and physical activity patterns
using accelerometer data from two publicly available
datasets, NHANES and ActivityNet. The proposed
approach demonstrated strong performance, achieving
92.5% accuracy on the NHANES dataset and 89.7%
accuracy on the ActivityNet dataset, outperforming
traditional methods like SVM, Random Forest, and
LSTM. The preprocessing pipeline, which included noise
reduction, imputation, segmentation, and feature
extraction, was instrumental in preparing high-quality
inputs for the model. The architecture’s ability to process
large-scale time-series data efficiently and its low
inference time of 0.5 seconds per 30-second window make
it suitable for real-world applications. Additionally,
threshold optimization helped minimize classification
errors, ensuring balanced and accurate detection of
sedentary behavior. These findings highlight the potential
of Transformer-based models in health monitoring
systems and behavior analysis. Future work will focus on
enhancing generalizability across devices, integrating
multi-modal data, and improving the interpretability of
predictions for practical health interventions.
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