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Abstract: This study analyzes sleep health and lifestyle data among Generation
Z using RapidMiner to identify key issues such as insomnia and stress within
this demographic. The research is motivated by the increasing concerns
surrounding sleep health and lifestyle choices that significantly impact overall
well-being. The primary objective is to identify patterns and correlations in
health data to inform targeted interventions and lifestyle improvements. The
methodology involves employing RapidMiner to process and analyze a dataset
comprising variables including gender, age, occupation, sleep duration, sleep
quality, physical activity level, stress level, BMI category, blood pressure, heart
rate, daily step count, and the presence of sleep disorders. Key data mining
techniques such as classification and association are utilized to extract
meaningful insights. Classification is applied to predict patterns in sleep health
and association analysis uncovers relationships between variables. The analysis
reveals significant findings: individuals with poor sleep quality and high-stress
levels often exhibit lower physical activity and imbalanced BMI, indicating
potential health risks. The results provide a comprehensive understanding of
the sleep health and lifestyle trends among Generation Z, highlighting critical
areas for improvement. These insights contribute to the development of tailored
health programs, enabling policymakers and healthcare providers to design
interventions that promote better sleep hygiene and healthier lifestyles. This
research underscores the utility of data mining tools like RapidMiner in
addressing contemporary health challenges.
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Introduction
The Fourth Industrial Revolution, commonly known

as Industry 4.0, combines cutting-edge manufacturing
techniques with information technology to more
effectively address human needs (Javaid & Haleem,
2019). It enables the development of smart systems
driven by technologies such as Artificial Intelligence
(AI), the Internet of Things (IoT), and other digital
innovations, enhancing adaptability and efficiency in
production workflows (Dinata et al., 2024; Ruan et al.,
2020).

This era also emphasizes the importance of Big Data,
a vital asset comparable to oil in the modern world. With
billions of people connected to the internet, more than 79
zettabytes of global data are generated, driving insights
across various sectors, including healthcare (Omoyiola,
2023).

In the healthcare domain, Big Data Analytics (BDA)
enables innovations in patient care and management

(Yang et al., 2022). Studies highlight its impact on
improving healthcare services by analyzing structured
and unstructured data for clinical and administrative
insights (Batko & Ślęzak, 2022; Geasela et al., 2024).
The evolution of work and technological exposure has
shaped distinct generational characteristics, particularly
among Generation Z, also known as iGeneration or post-
millennials (Haryana et al., 2023). This generation,
having grown up with the internet, multitasks seamlessly
across devices, accessing information primarily through
digital platforms (Sissoko & Prasetyawati, 2022; Wijoyo
et al., 2020).

Sleep health, a critical yet underexplored aspect of
well-being, significantly influences physical and mental
health (Hale et al., 2020). Poor sleep patterns, such as
insomnia and irregular sleep schedules, are increasingly
prevalent among younger populations, including
Generation Z (Safaei et al., 2021). These issues, often
compounded by lifestyle factors like stress and physical
inactivity, underscore the need for targeted interventions
(Virani et al., 2020).
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This study focuses on analyzing sleep health and
lifestyle data among Generation Z using RapidMiner,
employing classification, and association methods. The
dataset includes variables such as gender, age,
occupation, sleep duration, quality, stress levels, BMI,
and physical activity metrics (Tharmalingam, 2023).
This study reveals patterns and correlations that deliver
practical insights into Generation Z’s health and lifestyle
trends, while also presenting an innovative application of
advanced data mining techniques in a relatively
underexplored area of health analytics. In contrast to
traditional research, this study takes a holistic approach
by analyzing multiple interconnected variables,
providing a thorough understanding of how various
lifestyle factors influence sleep health.

The impact of this study is significant, as it paves the
way for data-driven solutions tailored to the unique
behaviors and needs of Generation Z. Insights derived
from this research can inform the development of
personalized healthcare programs, public health policies,
and educational campaigns targeting sleep and lifestyle
improvements. By focusing on a digital-native
generation, this study also highlights the potential for
leveraging Big Data Analytics to design innovative
interventions that resonate with modern, technology-
savvy populations, ultimately contributing to the
enhancement of overall well-being and quality of life.

Although a number of studies have addressed the
relationship between sleep quality and lifestyle, most of
them are still descriptive in nature and do not integrate
exploratory data mining approaches in the context of
Generation Z. Previous studies have also not specifically
examined how Generation Z’s sleep patterns are affected
by variables such as stress, physical activity, and diet.
Therefore, this study fills this gap with a classification
and association-based approach to uncover hidden
patterns that could potentially aid decision-making in the
digital health space. The novelty lies in applying existing
models to a targeted health concern using interpretable
algorithms (Decision Tree & FP-Growth), enabling
practical insights for digital health solutions

Materials and Methods

Study Literature

In the study by Gupta & Chandra (2020), data mining
is recognized for its significant role in various sectors
due to its ability to uncover previously undetected
patterns and knowledge. This capability makes it crucial
in industries such as banking, retail, healthcare,
insurance, and bioinformatics. The paper presents a
structured and comprehensive survey of data mining
tasks and techniques, offering insights into practical
applications and challenges within the field. For
analyzing Generation Z's health trends, data mining
methods like classification and association can uncover
patterns related to sleep and lifestyle behaviors that were
previously difficult to detect.

Connected to Francis & Babu (2019), explore the use
of data mining in education, particularly to predict
student performance by analyzing learning patterns.
They apply a hybrid approach combining classification
and clustering techniques, demonstrating that these
methods can be highly effective in predicting outcomes
with greater accuracy. Similarly, these techniques can be
adapted to analyze Generation Z’s health data, predicting
trends in sleep quality, physical activity, and stress levels
based on various lifestyle factors.

Fig. 1: Research Stages (Andry et al., 2021; Madyatmadja et
al., 2021)

Methodology

This research uses a systematic approach to using
data mining methods. The steps of the research
methodology shown in Figure 1, are as follows:

1. Initial Stage: The research begins with identifying
the research objectives and scope, which focuses on
analyzing sleep health and lifestyle trends of
Generation Z using data mining techniques.

2. Literature Study: A literature review is conducted to
understand key concepts such as sleep health,
lifestyle, Generation Z, and the application of data
mining techniques (classification and association).
The literature sources include journals, books, and
previous research.

3. Dataset Definition (Define Dataset): The dataset is
collected from trusted sources, including variables
such as gender, age, occupation, sleep duration,
sleep quality, physical activity level, stress level,
BMI category, blood pressure, heart rate, daily step
count, and sleep disturbances. The dataset is
processed to ensure its completeness and validity
before analysis.

4. Data Mining Process: Data analysis is performed
using the following techniques:

5. Classification: Decision tree technique is used to
predict patterns and trends in sleep health and
lifestyle based on dataset variables. Decision Tree
parameters such as max_depth were set to default
values ​​due to the relatively low dimensionality of

http://192.168.1.15/data/13448/fig1.png
http://192.168.1.15/data/13448/fig1.png
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the dataset, but further experiments with a certain
maximum depth (e.g. 5, 10) may provide deeper
insights. Variable selection was based on theoretical
relevance to sleep health dimensions: such as BMI,
stress_level, daily_steps, and heart_rate which have
been shown in the literature to affect sleep quality.
Redundant or incomplete variables, such as
‘blood_pressure’, were excluded to avoid model
bias.

6. The max_depth parameter in Decision Tree was set
to default (no limit) to allow full tree expansion
given the small dataset size. However, subsequent
trials with constrained depths (e.g., max_depth = 5)
showed minimal accuracy change, suggesting
robustness. For FP-Growth, a support threshold of
0.5 was chosen to highlight only dominant rules
with high interpretability, suitable for health
intervention contexts.

7. Association: FP-Growth technique is used to
identify relationships or correlations between
variables, such as the relationship between stress
levels and sleep quality. In the FP-Growth process,
the minimum support threshold is set at 0.5 to
ensure that only association rules that appear in at
least 50% of the population are displayed, thereby
improving interpretability in the context of health
policy.

8. Analysis Results: The results from the data mining
process are analyzed to gain insights into the
patterns of sleep health and lifestyle of Generation
Z. The main findings are interpreted to understand
significant trends.

9. Conclusion and Suggestions: Based on the analysis
results, the research presents conclusions about
sleep health and lifestyle trends of Generation Z.
Additionally, recommendations are provided to
support decision-making by stakeholders, such as
healthcare providers or policymakers, in designing
intervention and educational programs.

10. End: The research concludes with documentation of
the research findings, including key findings,
implications, and suggestions for future research.

Results and Discussion

Data Set

The Sleep Health and Lifestyle Dataset forms the
foundation for the study "Generation Z Health Trends:
Data Mining Analysis of Sleep and Lifestyle Data." This
dataset comprises 400 rows and 13 columns,
encompassing a diverse range of variables that provide a
comprehensive view of sleep patterns and daily lifestyle
habits. The dataset serves as a rich source of information
to explore and analyze the factors influencing the health
and well-being of Generation Z (Tharmalingam, 2023).
The Sleep Health and Lifestyle dataset was chosen
because it specifically focuses on variables relevant to
sleep health and lifestyle in productive age, in

accordance with the characteristics of Generation Z.
Although the size of this dataset is only 400 entries, its
clarity, structuredness, and the suitability of the variables
to the research focus make it an optimal choice for
exploratory studies. To increase the generalizability of
the results, further research can be conducted using
larger datasets such as NHANES or WHO health survey
data.

The dataset used contains 400 records and 13
attributes relevant to sleep health and lifestyle. While the
dataset provides diverse variables such as sleep quality,
stress level, and BMI category, the relatively small
sample size limits external validity. However, its
structured nature supports initial exploratory analysis.
Future research should validate the patterns using larger
public health datasets such as NHANES or WHO
datasets.

The dataset includes essential demographic and
health-related variables such as gender, age, and
occupation, along with detailed indicators like sleep
duration, sleep quality, and levels of physical activity. It
also features important health metrics, including stress
levels, BMI classification, blood pressure, heart rate,
daily step count, and the existence of sleep disorders.

Through the analysis of this dataset, the study seeks
to identify patterns and correlations that offer a more
comprehensive understanding of Generation Z's sleep
habits and lifestyle behaviors. The diversity and depth of
the dataset enable the application of advanced data
mining techniques, such as classification and association,
to generate meaningful recommendations for promoting
healthier living habits in this demographic.

The preprocessing step includes cleaning the data
from missing values ​​using the mean imputation method
for numeric attributes. Outlier detection is done visually
through boxplots. All numeric attributes are normalized
using min-max scaling to equalize the scale so that it can
be accepted by the FP-Growth and Decision Tree
algorithms more optimally.

Classification (Decision Trees)

The classification process using Decision Trees
begins with the main objective of grouping data into
certain categories or classes based on existing attributes.

This section outlines the steps for implementing the
Decision Tree algorithm in RapidMiner, each process
will be listed in the form of an image, the following are
the steps involved in the decision tree classification
process:

As can be seen in Figure 2, a design model is carried
out systematically and follows the standards of the
related algorithm. We use the decision tree algorithm,
which is a classification method that utilizes the decision
tree structure to classify data. The decision tree algorithm
utilizes the concepts of information theory, entropy, and
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information gain to make decisions in dividing data at
each node of the decision tree.

Fig. 2: RapidMiner Classification Process Using Decision Tree

As seen in the image Figure 3, the first step that must
be taken is to replace the sleep disorder role set with a
label and then format the dataset column that we have.
Such as choosing the data type of each column (real,
integer, binominal, polynomial). The dataset that will be
used here uses a dataset from Kaggle which has been
explained and introduced in previous chapters.

Fig. 3: First Steps in Implementing the Decision Tree
Algorithm

After the dataset is entered, it will display an attribute
named Read CSV which is the withdrawal of the dataset
file to be used. After entering the attribute, the step that
must be taken is to link the dataset attribute. Then drag
the split data operator which is one way to find out the
performance of the model by measuring its accuracy
(accuracy is not the only parameter used to measure the
performance of a model).

After finishing pulling the apply model operator, the
next step that must be taken is to pull the last operator,
namely the performance operator, which can be used for
all types of learning tasks, seen in Figure 4. This
performance operator can automatically determine the
types of learning tasks and can calculate the most
common criteria for that type. The last step that must be
taken so that the RapidMiner model design can produce
results is to connect all operators as shown in the image
below, then don't forget to click play.

Fig. 4: Decision Tree Attribute Implementation Process on
Performance

To avoid Decision Tree bias towards categorical
features with many unique values, information gain-
based feature selection is performed. Variables such as
‘occupation’ are reduced by regrouping into three broad
categories: students, workers, and others. This helps
avoid overfitting and improves model generalization.

Association (FP Growth)

This process mentions the process and steps used to
implement RapidMiner association FP Growth, each
process will be listed in the form of an image, the
following are the steps involved in the FP Growth
association process.

As seen in Figure 5 a design model is carried out
systematically and follows the standards of the related
algorithm, we use the apriori FP Growth algorithm where
this algorithm is an algorithm that is the result of
improvisation from the standard apriori.

Fig. 5: Model Design in RapidMiner Association Rules
Implementation

FP Growth itself is an abbreviation of Frequent
Pattern Growth and is a database representation of terms
that refer to FP Tree. This structure will establish an
association between item sets. By using this method,
searching for item sets can be reduced comparatively for
association commands.

As seen in Figure 6 an initial step in implementing
association rules, where after the data is retrieved the
data will be used after the attribute is entered, the step
that must be taken is to link the dataset attribute. After
connecting the retrieve data attribute and the numerical
to binomial attribute, the numerical to binomial attribute
will change the numeric attribute to a binomial attribute
so that the FP Growth process can be launched. This
operator also changes the type of numeric attribute to a
binomial type which can also be called binary, this
operator not only changes a selected type but also
changes the entire map of each value in the attribute for
the binomial value correspondent. As we know that this
binomial can only run two possible values, namely true
or false.

Fig. 6: Initial Steps in Implementing Association Rules

As shown in Figure 7 at this stage the FP Growth
attribute must be connected to the create association
rules attribute where in the FP Growth attribute the fre
section is pulled to be connected to the create association
rules attribute in the ite section, then rul in the create

http://192.168.1.15/data/13448/fig2.png
http://192.168.1.15/data/13448/fig2.png
http://192.168.1.15/data/13448/fig3.png
http://192.168.1.15/data/13448/fig3.png
http://192.168.1.15/data/13448/fig4.png
http://192.168.1.15/data/13448/fig4.png
http://192.168.1.15/data/13448/fig5.png
http://192.168.1.15/data/13448/fig5.png
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association rules attribute is connected to res. This
attribute operates as an if/then rule, which is useful for
illustrating relationships between seemingly unrelated
data points. Association rules are designed to uncover
frequent if/then patterns within the dataset, using support
and confidence metrics to identify the most significant
and relevant associations for analysis.

Fig. 7: Connecting Numerical Attributes to FP Growth

Recommendation Classification (Decision Tree)

Essential method for predicting and suggesting
personalized recommendations based on patterns
identified within the data. In the context of "Generation
Z Health Trends: Data Mining Analysis of Sleep and
Lifestyle Data," this approach leverages the power of
decision tree algorithms to classify and recommend
health-related insights tailored to the behaviors and
preferences of Generation Z.

By analyzing vast amounts of data, such as sleep
patterns, physical activity, stress levels, and lifestyle
choices, a decision tree can help identify significant
trends and correlations, enabling the generation of
recommendations that can guide healthier lifestyle
choices for individuals in this demographic.

Figure 8 shows a decision tree classification where
each label of blood pressure low has related attributes
such as heart rate, blood pressure high, quality of sleep,
blood pressure low, BMI category, stress level with a
decision tree model.

Fig. 8: Decision Tree Classification

Figure 9, shows a performance vector classification
where from the RapidMiner analysis with the decision
tree algorithm method, it is considered quite good but
there are some bad data. The results of the analysis show
a none prediction with 93.94%, a sleep apnea prediction
with 91.30%, an insomnia prediction with 56.92% which
is an indication that the data provided is good and bad
data so that the resulting data can be analyzed more
easily and shows quite satisfactory results.

Fig. 9: Performance Vector Classification

The results of the classification method using a
decision tree on this dataset provide accuracy to the
attributes calculated in the form of nominal data, in its
visualization it shows the value results in Table 1.
Table 1: Visualisation Decision Tree Results

Label Value
Blood Pressure Low 90.5
Heart Rate 83
Blood Pressure High 131
Quality of Sleep 5.5
Blood Pressure Low 87.5
BMI Category (split value)
Stress Level 6.5

Recommendation Association (FP Growth)

It can be seen from Table 2, Figures 10 and 11 that
the results of the FP Growth algorithm show that the
results of the rules for FP Growth can be seen in the
image below. This test was carried out on support 0.2 or
we can call it 2% and the minimum size is 1.
Table 2: Top 3 Association Rules from FP-Growth

Rule Support Confidence Lift
IF BMI = overweight AND Daily Steps
< 4000 THEN Stress Level = high

0.535 0.913 1.581

IF Sleep Duration < 6 AND Stress =
high THEN Sleep Quality = poor

0.412 0.89 1.45

IF Student AND BMI = underweight
THEN Sleep Disorder = insomnia

0.326 0.867 1.322

The results of association rules using the FP Growth
model can be seen that 208 different premises were
found which also have different conclusions, but among
them there are conclusions that often appear, namely
"BMI Category, Daily Steps", in support there is a
number that often appears and has the highest value of
0.535, in confidence there is a number that often appears
and has the highest value of 0.922, in laplace there is a
number that often appears and has the highest value of
0.971, in gain there is the highest value of -0.626, in p-s
there is the highest value of 0.200, and in lift there is the
highest value of 1,596, and in conviction there is the
highest value of 5,393.

An association rule found is: IF BMI = overweight
AND daily steps < 4000 THEN stress level = high with
support = 0.535 and confidence = 0.913. This shows that
more than 53% of the data have this combination, and
91% of them do have high stress levels. The lift of 1.58
shows that this rule is 1.58 times more likely to occur
than a random distribution, making this rule significant
in health practice.

http://192.168.1.15/data/13448/fig7.png
http://192.168.1.15/data/13448/fig7.png
http://192.168.1.15/data/13448/fig8.jpg
http://192.168.1.15/data/13448/fig8.jpg
http://192.168.1.15/data/13448/fig9.jpg
http://192.168.1.15/data/13448/fig9.jpg
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Fig. 10: FP-Growth Results

Fig. 11: Association Rules Results

The results of association rules on this dataset
provide accuracy where the data has several different
results, the predicted results from Table 3. One of the
association rules found through the FP-Growth algorithm
shows a support value of 0.535, which means this pattern
appears in 53.5% of all data. The confidence value of
0.913 indicates that when the conditions in the rule are
met, the probability of the consequent occurring reaches
91.3%, which indicates a high level of confidence.
Table 3: Visualisation Assocation Results

Metric Value
Support 0.535
Confidence 0.913
LaPlace 0.968
Gain -0.636
P-S 0.197
Lift 1.581

The lift of 1.581 indicates that the relationship
between the antecedent and consequent is stronger than a
random relationship; that is, the occurrence of the
consequent is 1.58 times more likely to occur when the
antecedent is met. The LaPlace value of 0.968 also
supports a high and stable probability. Although the Gain
value is negative (-0.636), this needs to be analyzed
further because it could be related to the complexity or
limited new information from the rule. The P-S value of
0.197 indicates that the potential for new information
from this rule is moderate.

Overall, these rules are considered significant and
relevant to interpret because they show patterns that
frequently appear, have strong correlations, and can be
used as a basis for data-based decision making,

especially in the context of Generation Z's health and
lifestyle.

Discussion Classification (Decision Tree)

Subairi et al. (2022) used the Gini index and entropy
methods for sleep apnea. The results were divided into
two categories, namely true and false with a root
configuration of 3, shown in Table 4. The table shows
that the majority of individuals with poor sleep patterns
had high stress levels and daily steps below 4000. This
suggests a relationship between sedentary lifestyle and
sleep health. However, not all variables had a uniform
impact; for example, heart rate did not show a strong
correlation—likely due to the influence of other variables
such as caffeine consumption that were not captured in
the dataset. The class distribution table shows that the
data is dominated by the “Normal” category with a total
of 72 entries (from the sum of 12+14+26+11+9), while
the “Apnea” category only appears in 6 entries. This
imbalance reflects the presence of class imbalance in the
dataset, which can affect the performance of the
classification model—especially in detecting apnea
cases. The model tends to be more accurate in predicting
the majority category (Normal), but risks ignoring or
incorrectly predicting the minority category (Apnea),
which is important in the context of health applications.
Therefore, techniques such as resampling
(oversampling/undersampling) or adjusting class weights
are recommended to increase sensitivity to Apnea cases.
Table 4: Discussion Decision Tree

Class Value
Normal 12
Normal 14
Normal 26
Normal 11
Apnea 1
Normal 9
Apnea 5

Subairi et al. (2022) uses the Gini index method as an
algorithm to provide decision tree results, while in this
study with the Sleep Health and Quality of Life dataset,
we use the general decision tree method to produce a
performance vector that provides accurate predictions.

Discussion Association (FP Growth)

Perez-Pozuelo et al. (2020) using association rules to
find the average MCC, accuracy, and Macro F1 with
Cross-validated Training set to compare the basis that is
always selected by the class that has frequency. By
implementing the algorithm that has been compiled, it
will produce a matrix based on the evaluation of metrics
that have been compiled by the software.

The advancement of sleep digitalization and
widespread monitoring technologies is expected to
significantly impact how sleep is characterized,
diagnosed, and treated. Research by Seow et al. (2020)

http://192.168.1.15/data/13448/fig10.png
http://192.168.1.15/data/13448/fig10.png
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identified the strongest link between sleep quality and
mental health, while the associations with physical and
cognitive health were moderate and generally consistent
throughout adulthood. In older adults, persistent
insomnia symptoms were linked to a notable decline in
both mental health (difference = -6.9; SE = 0.4) and
physical health (difference = -2.8; SE = 0.4).
Additionally, repeated occurrences of both long and short
sleep durations were primarily associated with reduced
physical well-being (difference = -3.5; SE = 0.9).

The Decision Tree model was evaluated using
accuracy, precision, recall, and F1-score metrics.
Accuracy reached 93.94%, but the prediction for
insomnia was only 56.92% indicating class imbalance. A
comparison will be conducted with Random Forest and
XGBoost algorithms in further research to evaluate more
stable performance and resistance to overfitting.

While Decision Tree and FP-Growth provided
interpretable and meaningful results, future work will
benchmark these results against ensemble methods such
as Random Forest or XGBoost to evaluate model
stability and accuracy improvements, particularly in
imbalanced datasets.

Based on the patterns found, it is recommended that
digital health platforms targeting Gen Z consider daily
step monitoring and stress reporting features, as well as
providing AI-based adaptive feedback. Educational
institutions can also leverage these insights to design
data-driven interventions such as healthy sleep and daily
physical activity campaigns.

While this study does not propose a new algorithm, it
provides an integrated analysis combining classification
and association rule mining to explore health patterns
among Generation Z — a demographic rarely explored
in prior studies using data mining techniques.

Conclusion
The analysis of sleep health and lifestyle data using

RapidMiner has provided valuable insights into the
classification and association patterns within the dataset.
The classification method, employing decision trees,
successfully identified key predictors and their
associated accuracy. The decision tree visualization
revealed significant attribute values such as Blood
Pressure Low (90.500), Heart Rate (83), Blood Pressure
High (131), Quality of Sleep (5.500), Blood Pressure
Low (87.500), BMI Category (split value), and Stress
Level (6.500). These findings highlight the most
influential factors in understanding sleep health and
lifestyle trends among Generation Z.

Additionally, the association rule analysis uncovered
relationships between variables using evaluation metrics
such as Support (0.535), Confidence (0.913), LaPlace
(0.968), Gain (-0.636), P-S (0.197), and Lift (1.581).
These metrics provided insights into the frequency of co-

occurring itemsets, the reliability of the derived rules,
and the likelihood of specific outcomes based on known
conditions.

Support refers to how frequently a rule appears in the
dataset. A support of 0.535 means the rule applies to
53.5% of the data. Confidence measures the probability
of the consequent given the antecedent; 0.913 means
there's a 91.3% chance the outcome will occur when the
conditions are met. Lift measures the rule’s strength
compared to random chance; a lift of 1.581 indicates the
rule is 1.58 times more likely to occur than by chance.

The combined use of classification and association
rule analysis enabled a comprehensive understanding of
the interplay between sleep health and lifestyle attributes.
The results can inform targeted interventions,
personalized recommendations, and evidence-based
strategies to improve health outcomes for Generation Z.
This study emphasizes the potential of data mining
techniques to uncover meaningful patterns and support
data-driven decision-making in the domain of public
health.

The patterns identified in this study offer a
foundation for digital health interventions aimed at
Generation Z. Applications such as wearable-based step
trackers with personalized alerts or AI-based stress
monitoring systems could be developed. Moreover,
educational institutions and health policymakers should
leverage these findings to craft preventive programs
targeting sedentary behavior and poor sleep hygiene,
aligning with digital health transformation agendas.
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