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Anxiety among adolescents is a growing public health concern and is frequently
underdetected due to reliance on subjective assessments and limited continu-
ous monitoring. Wearable technologies offer new opportunities to capture real-
time physiological and behavioral indicators that may enhance early detection.
This study aims to develop and evaluate an anxiety prediction model that in-
tegrates smartwatch-derived activity data with a validated self-reported affect
scale to improve detection accuracy in adolescents. A longitudinal study was
conducted involving adolescent participants monitored over several weeks. Ob-
jective data collected from smartwatches included heart rate variability, sleep
duration, physical activity intensity, and daily movement patterns. These indica-
tors were combined with subjective emotional states measured using a validated
affect scale. Machine learning algorithms were employed to build predictive
models, and performance was evaluated using accuracy, precision, recall, and
F1-score metrics. The integrated model demonstrated superior predictive per-
formance compared to single-source models based solely on wearable or self-
reported data. The findings indicate that combining physiological, behavioral,
and affective measures significantly improves anxiety classification accuracy.
The proposed approach provides a scalable, non-invasive, and real-time frame-
work for early anxiety detection among adolescents. This study contributes to
the advancement of human-centered digital mental health systems and highlights
the potential of wearable-based analytics for preventive and personalized mental
healthcare interventions.

This is an open access article under the CC BY 4.0 license.

(oMo

DOI: https://doi.org/10.34306/jot.v2i11.43
This is an open-access article under the CC-BY license (https://creativecommons.org/licenses/by/4.0/)

©Authors retain all copyrights

1. INTRODUCTION

Adolescent anxiety has emerged as a critical global public health issue, affecting emotional stability,
academic engagement, and long-term psychological development. According to international health reports,
anxiety disorders constitute one of the leading contributors to mental health burdens among adolescents world-
wide. Despite increasing awareness, anxiety in this population often remains underrecognized due to limited
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access to mental health services, reliance on episodic self-report assessments, and social stigma surrounding
psychological distress [1]. These challenges directly hinder the achievement of Sustainable Development Goal
(SDG) 3, which emphasizes ensuring healthy lives and promoting well-being for all at all ages. Early and
continuous detection of anxiety is essential to mitigate its adverse consequences on adolescents’ well-being
and educational outcomes. Untreated anxiety can negatively influence concentration, school attendance, and
academic performance, thereby intersecting with SDGs 4 (Quality Education), which aims to ensure inclu-
sive and equitable education and promote lifelong learning opportunities [2]. However, conventional mental
health assessment approaches are typically reactive, subjective, and dependent on clinical settings, limiting
their effectiveness in large-scale preventive monitoring, especially in school-aged populations.

The rapid advancement of wearable technologies, particularly smartwatches, offers a promising av-
enue for addressing these limitations. Smartwatches enable continuous and non-invasive monitoring of physio-
logical and behavioral indicators such as heart rate variability, sleep duration, physical activity levels, and daily
movement patterns. Prior studies have demonstrated associations between these indicators and psychological
states related to stress and anxiety [3, 4]. By capturing real-world, longitudinal data, wearable devices support
proactive mental health surveillance aligned with the preventive focus advocated by SDGs 3. Nevertheless,
physiological and activity-based data alone may not fully capture the subjective nature of anxiety, which is
inherently linked to personal emotional experiences [5]. Self-reported affect scales remain a crucial compo-
nent in mental health research, as they provide insight into adolescents’ perceived emotional states and daily
mood fluctuations. Integrating subjective affective measures with objective smartwatch data allows for a more
comprehensive and human-centered understanding of anxiety, ensuring that technological solutions remain
sensitive to individual experiences rather than relying solely on biometric signals [6].

Machine learning techniques play a pivotal role in transforming multimodal data into meaningful
predictive insights. By analyzing complex, high-dimensional datasets, machine learning models can uncover
temporal and nonlinear relationships between smartwatch activity patterns and self-reported affect that are
difficult to detect using traditional analytical methods. The application of machine learning in adolescent
mental health monitoring supports scalable, data-driven decision-making and facilitates early identification of
anxiety risk, contributing to equitable access to mental health support as envisioned by the SDGs [7]. Despite
growing interest in digital mental health solutions, empirical studies that focus on adolescents and integrate
smartwatch activity data with validated affect scales within an SDG-oriented framework remain limited. Many
existing studies concentrate on adult populations or rely on single-source data, reducing predictive accuracy and
practical applicability [8, 9]. Addressing this gap, the present study proposes an anxiety prediction model that
combines smartwatch-derived activity data and self-reported affect scales using machine learning approaches.
The objective is to enhance prediction accuracy, support early intervention, and promote adolescent well-being
in both healthcare and educational contexts [10].

By aligning wearable-based anxiety prediction with SDGs 3 and SDGs 4, this research contributes to
the development of sustainable, inclusive, and preventive digital health technologies. The proposed model of-
fers a scalable solution for real-time anxiety monitoring, supporting schools, families, and healthcare providers
in fostering healthier learning environments and improving mental health outcomes for adolescents [11]. Ul-
timately, this study underscores the potential of integrating human-centered wearable analytics into broader
sustainable development agendas for future mental healthcare systems.

2.  RESEARCH METHOD

This section describes the methodological procedures employed to develop and evaluate the adoles-
cent anxiety prediction model proposed in this study. It outlines the research design, theoretical foundation,
sampling strategy, data collection instruments, preprocessing techniques, model development process, and eval-
uation metrics used to ensure methodological rigor and analytical validity. Given the objective of integrating
physiological, behavioral, and affective data within a machine learning framework, a structured and systematic
approach was adopted to ensure reliability, reproducibility, and empirical robustness [12]. The methodological
framework was designed to capture longitudinal variations in adolescent activity patterns and emotional states,
thereby enabling accurate and scalable anxiety prediction. The following subsections present the research
paradigm, conceptual framework, data collection procedures, and analytical techniques in detail [13].
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2.1. Research Paradigm and Methodological Approach

This study is grounded in a positivist research paradigm, which assumes that adolescent anxiety can
be objectively measured and predicted using observable physiological, behavioral, and affective indicators.
A quantitative research approach is employed to analyze numerical data derived from smartwatch activity
records and self-reported affect scales [14]. This approach is appropriate for predictive modeling and sup-
ports evidence-based decision-making in digital mental health research. A longitudinal observational design is
adopted to enable continuous monitoring of adolescents over an extended period. Longitudinal data collection
is essential for capturing day to day fluctuations in physical activity, sleep behavior, emotional states, and anx-
iety levels [15, 16]. This design reflects current best practices in wearable-based mental health research and
supports early detection of anxiety in adolescent populations.

2.2. Theoretical Basis and Literature-Informed Methodological Foundation

The methodological framework of this study is informed by contemporary literature in four interre-
lated domains: adolescent anxiety, wearable-based mental health monitoring, affective measurement, and ma-
chine learning applications in healthcare [17, 18]. Previous studies consistently report that anxiety is one of the
most prevalent yet underdetected mental health conditions among adolescents, with substantial implications
for academic performance and psychosocial development. Research on wearable technologies demonstrates
that physiological indicators such as heart rate variability and sleep duration, as well as behavioral indicators
such as physical activity intensity and movement patterns, are significantly associated with stress and anxiety-
related states [19]. However, anxiety is inherently subjective and cannot be fully inferred from physiological
data alone. Affective science literature emphasizes that self-reported affect scales are critical for capturing
internal emotional experiences that complement objective sensor-based measurements. Recent advances in
machine learning highlight the effectiveness of multimodal data integration in improving prediction accuracy
for mental health outcomes. Despite these advances, existing studies frequently focus on adult populations or
rely on single-source data. This study addresses this gap by integrating smartwatch-derived activity data with
self-reported affect to develop an anxiety prediction model specifically for adolescents [20, 21].

2.3. Research Framework and Hypothesis Development

Based on the literature synthesis, a conceptual research framework is developed to explain how ob-
jective smartwatch-derived indicators and subjective affective states jointly contribute to anxiety prediction in
adolescents [22]. The framework positions self-reported affect as a mediating construct, reflecting the psycho-
logical mechanism through which physiological and behavioral changes influence anxiety.

Smartwatch Activity Data
(Physiclogical & Behavioral Indicators)

;

Self-Reported Affect
(Positive and Megative Affect)

;

Anxiety Level

{(Machine Learning Prediction)

Figure 1. Research Framework for Adolescent Anxiety Prediction

Figure 1 presents the research framework for adolescent anxiety prediction, illustrating the sequential
relationship between objective smartwatch-derived data, subjective emotional assessment, and mental health
outcomes [23]. In this framework, smartwatch activity data consisting of physiological indicators (such as
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heart rate variability and sleep duration) and behavioral indicators (including physical activity intensity, step
count, and movement patterns) function as the primary independent variables collected continuously and non-
invasively [24]. These indicators influence adolescents’ emotional conditions, which are represented by self-
reported affect encompassing both positive and negative affect and positioned as a mediating variable that
captures subjective emotional experiences not fully observable through biometric signals. The final outcome
of the framework is the anxiety level of adolescents, which is predicted using machine learning models that
integrate both smartwatch activity data and self-reported affect to identify complex and nonlinear patterns [25].
This integrated framework supports early and continuous anxiety detection, emphasizes a human-centered
digital health approach, and aligns with the preventive mental health objectives of SDGs 3 (Good Health and
Well-Being) as well as the educational sustainability focus of SGDs 4 (Quality Education) [26].
Hypotheses

* H1: Physiological indicators derived from smartwatch activity data significantly predict adolescent anx-
iety levels.

* H2: Behavioral activity indicators derived from smartwatch data significantly predict adolescent anxiety
levels.

* H3: Self-reported affect mediates the relationship between smartwatch activity data and adolescent anx-
iety.

¢ H4: Integrated multimodal data provide higher anxiety prediction accuracy than single-source data mod-
els.

2.4. Population and Sampling

The study population consists of adolescents aged 13—18 years. A purposive sampling technique is
applied to recruit participants who regularly use smartwatches, are willing to complete daily affect assessments,
and have obtained parental or guardian consent. This sampling strategy ensures the relevance and reliability
of data used for predictive modeling [27]. Rather than relying solely on traditional inferential sample size
calculations, this study emphasizes data sufficiency for machine learning, ensuring an adequate number of
observations for model training, validation, and testing.

2.5. Data Collection Instruments and Procedures

Data collection is conducted over multiple consecutive weeks to capture both short-term and longer-
term behavioral patterns. Smartwatches automatically record physiological and behavioral indicators at regular
intervals, while affective data are collected once daily through a mobile-based self-report questionnaire [28].
Anxiety levels are measured using a standardized and validated adolescent anxiety scale administered at base-
line and follow-up stages.

Table 1. Variables and Measurement Instruments

Variable Category Indicators Measurement Tool

Physiological Heart rate variability, sleep Smartwatch sensors
duration

Behavioral Physical activity intensity, Smartwatch activity logs
step count

Affective Positive affect, negative af- Validated affect scale
fect

Anxiety Anxiety severity score Standardized anxiety ques-

tionnaire

Table 1 summarizes the key variables used in this study along with their respective indicators and
measurement instruments. Physiological variables are represented by heart rate variability and sleep duration,
which are objectively captured through smartwatch sensors to reflect adolescents’ autonomic responses and
recovery patterns associated with anxiety [29, 30]. Behavioral variables include physical activity intensity and
step count, obtained from smartwatch activity logs, providing insight into daily movement patterns and lifestyle
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behaviors that are often linked to psychological well-being. Affective variables are measured using a validated
affect scale that assesses positive and negative affect, allowing the study to capture adolescents’ subjective
emotional states that may mediate the relationship between activity patterns and anxiety. Finally, anxiety is
operationalized through an anxiety severity score derived from a standardized anxiety questionnaire, ensuring
reliable and valid assessment of the dependent variable for model training and evaluation [31].

2.6. Data Preprocessing and Feature Engineering

Raw data obtained from smartwatches and self-reported questionnaires undergo systematic prepro-
cessing. This includes noise reduction, handling missing values through statistical imputation, and normaliza-
tion to ensure consistency across features [32]. Feature engineering techniques are applied to extract mean-
ingful temporal features, such as daily averages, variability, and trend-based indicators, which enhance model
interpretability and predictive performance.

2.7. Anxiety Prediction Model Development

Supervised machine learning algorithms are employed to develop anxiety prediction models. Algo-
rithms commonly used in current digital mental health research such as logistic regression, random forest,
support vector machines, and gradient boosting are evaluated and compared. The dataset is partitioned into
training, validation, and testing subsets using k-fold cross-validation to ensure model robustness and general-
izability [33].

A=f(P,B,F) (1)
Where:

= predicted anxiety level
physiological features
= behavioral features

EaJoe Bila I
I

= affective features

2.8. Model Evaluation

Model performance is evaluated using standard classification metrics, including accuracy, precision,
recall, and F1-score [34]. These metrics provide a comprehensive assessment of the model’s ability to correctly
identify adolescents at different anxiety levels.

Accuracy = TP+TN 2)
YT TP+TN+FP+FN

Flo 2 x Precision x Recall

— 3
Precision + Recall ®)

Comparative evaluation is conducted between smartwatch-only models, affect-only models, and inte-
grated multimodal models to assess the contribution of data integration [35].

3. RESULTS AND DISCUSSION
3.1. Results

This section presents the empirical findings derived from the longitudinal data collected through smart-
watch monitoring and self-reported affect assessments. The analysis is structured in accordance with the pro-
posed research framework and hypotheses, beginning with descriptive statistics to provide an overview of the
sample characteristics and variable distributions. Subsequent subsections report the predictive model perfor-
mance and mediation analysis results to evaluate the relationships among physiological, behavioral, affective,
and anxiety variables [36]. The findings are presented systematically to demonstrate the robustness of the
integrated multimodal anxiety prediction model.
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Table 2. Descriptive Statistics of Study Variables

Variable Mean SD Min Max
Heart Rate Variability (ms) 45.62 11.38 21.40 79.85
Sleep Duration (hours) 6.57 1.14 4.02 9.21
Daily Step Count 6.384 1.987 1.520 13.476
Physical Activity Intensity 0.61 0.17 0.25 0.94
Positive Affect 3.18 0.74 1.40 4.80
Negative Affect 2.96 0.88 1.10 4.90
Anxiety Severity Score 15.24 5.12 5.00 29.00

3.1.1. Descriptive Statistics

The longitudinal data collection generated 1,248 daily observations from 78 adolescent participants.
After preprocessing and feature engineering, the key statistical characteristics of the study variables are pre-
sented in Table 2 [37].

As presented in Table 2, the descriptive statistics provide an overview of the physiological, behavioral,
affective, and anxiety-related variables collected from adolescent participants during the longitudinal monitor-
ing period. The mean heart rate variability (M = 45.62, SD = 11.38) indicates moderate autonomic regulation
across participants, while the average sleep duration (M = 6.57 hours, SD = 1.14) suggests that a substantial
proportion of adolescents may be experiencing suboptimal sleep relative to recommended guidelines [38]. Be-
havioral indicators show an average daily step count of 6,384 steps (SD = 1,987), reflecting moderate physical
activity levels with considerable variability among participants [39]. In terms of affective measures, the mean
positive affect score (M = 3.18, SD = 0.74) is slightly higher than the negative affect score (M = 2.96, SD
= (.88), indicating a relatively balanced emotional profile within the sample. However, the average anxiety
severity score (M = 15.24, SD = 5.12) suggests the presence of mild to moderate anxiety symptoms across the
cohort. The observed ranges across all variables demonstrate sufficient variability for predictive modeling and
support the suitability of these features for subsequent machine learning analysis [40].

3.1.2. Predictive Model Performance
Four supervised machine learning algorithms were evaluated using 5-fold cross-validation. The Gra-
dient Boosting classifier achieved the highest performance in the integrated multi modal dataset [41].

Table 3. Model Performance Comparison

Model Type Algorithm Accuracy Precision Recall F1-Score

Physiological + Behavioral =~ Random Forest  0.77 0.75 0.73 0.74

Affect Only Logistic Re- 0.80 0.79 0.78 0.78

gression

Multimodal (P + B + F) Gradient 0.88 0.86 0.85 0.85
Boosting

As shown in Table 3, the comparative evaluation of predictive models indicates that the integrated mul-
timodal approach (Physiological + Behavioral + Affective features) achieved the highest performance across
all evaluation metrics. The Gradient Boosting model in the multimodal configuration obtained an accuracy
of 0.88, outperforming both the smartwatch-based model (Accuracy = 0.77) and the affect-only model (Accu-
racy = 0.80). Similar patterns are observed for precision, recall, and F1-score, where the multimodal model
consistently demonstrates superior balance between correctly identifying adolescents with anxiety symptoms
and minimizing misclassification [42]. The smartwatch-only model shows moderate predictive capability, sug-
gesting that physiological and behavioral indicators alone provide meaningful but incomplete information.
Meanwhile, the affect-only model performs slightly better than the smartwatch-only model, highlighting the
strong predictive value of subjective emotional states [43]. However, the highest overall performance achieved
by the integrated model confirms that combining objective wearable data with subjective affective assessments
significantly enhances predictive robustness. These findings empirically support the superiority of multimodal
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data integration for adolescent anxiety classification [44].

3.1.3. Mediation Analysis
Hierarchical regression analysis revealed:

¢ Physiological indicators — Affect (8 = 0.39, p < 0.01)
* Behavioral indicators — Affect (8 = 0.34, p < 0.01)
e Affect — Anxiety (6 = 0.56, p < 0.001)

After including affect in the model, the direct effect of smartwatch-derived indicators on anxiety
decreased but remained statistically significant, indicating partial mediation. These findings support H3 and
confirm the mediating role of affect in the conceptual framework [45].
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Figure 2. Multimodal Model Accuracy Comparison

As illustrated in Figure 2, the integrated multimodal model achieves the highest prediction accuracy
compared to the single-source models. The smartwatch-based model (physiological and behavioral features
only) demonstrates moderate predictive performance with an accuracy of 0.77, indicating that wearable-derived
objective indicators provide meaningful but limited explanatory power when used independently [46]. The
affect-only model performs slightly better, achieving an accuracy of 0.80, highlighting the strong predictive
relevance of subjective emotional states in anxiety classification. However, the integrated model that com-
bines physiological, behavioral, and affective features significantly outperforms both single-source approaches,
reaching an accuracy of 0.88 [47]. This clear performance improvement visually reinforces the statistical find-
ings presented in Table 3 and confirms that multimodal data integration enhances classification robustness.
The comparative difference shown in Figure 2 underscores the added predictive value of combining objective
wearable data with subjective affective assessments in adolescent anxiety detection [48, 49].

3.2. Discussion

The findings of this study confirm that integrating objective smartwatch-derived physiological and
behavioral indicators with subjective self-reported affect significantly enhances adolescent anxiety prediction
within a longitudinal monitoring framework [50, 51]. Lower heart rate variability and reduced sleep duration
were consistently associated with higher anxiety severity, supporting autonomic regulation theory which sug-
gests that impaired physiological recovery and emotional regulation are core components of anxiety disorders.
Additionally [52, 53], reduced physical activity intensity and lower daily step counts were linked to elevated
anxiety levels, aligning with behavioral withdrawal theory that posits anxious adolescents tend to decrease en-
gagement in daily activities. These results highlight the importance of continuous real-world monitoring [54],
as wearable technologies are capable of capturing subtle fluctuations in physiological and behavioral patterns
that are often missed in episodic clinical assessments [55, 56].

Beyond direct associations, the mediation analysis demonstrates that self-reported affect plays a cru-
cial psychological role in linking smartwatch-derived indicators to anxiety outcomes. The partial mediating
effect suggests that physiological dysregulation and behavioral changes influence anxiety not only directly but
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also indirectly through adolescents’ internal emotional experiences [57]. This finding reinforces the theoretical
positioning of affect as a central mechanism in anxiety development and underscores the necessity of maintain-
ing a human-centered design in digital mental health systems [58]. While wearable sensors provide scalable and
objective data streams, subjective affective assessments remain indispensable for capturing emotional nuances
that cannot be fully inferred from biometric signals alone [27, 28].

Furthermore, the superior performance of the integrated multimodal machine learning model com-
pared to single-source models demonstrates the analytical advantage of combining physiological, behavioral,
and affective features. The multimodal framework enables the detection of nonlinear and high-dimensional
interactions that traditional assessment approaches cannot adequately capture [26]. By adopting a longitudinal
and adolescent-focused design, this study extends existing digital mental health research and provides em-
pirical evidence that multimodal integration improves predictive robustness and practical applicability. These
findings support the development of scalable, non-invasive anxiety monitoring systems aligned with preventive
mental health strategies and broader sustainability goals, particularly SDGs 3 (Good Health and Well-Being)
and SDGs 4 (Quality Education) [25, 28].

4. MANAGERIAL IMPLICATIONS

The findings of this study provide important managerial implications for educational institutions,
healthcare providers, and digital health system developers. School administrators and education managers
can leverage smartwatch-based anxiety prediction systems as an early warning tool to identify students at risk
of anxiety without relying solely on self-disclosure or clinical referrals. By integrating predictive insights into
school well-being programs, decision-makers can design proactive interventions, such as counseling support,
workload adjustments, or targeted mental health initiatives, thereby improving students’ emotional well-being
and academic engagement in a timely and non-invasive manner.

For healthcare managers and mental health practitioners, the integration of physiological, behavioral,
and affective data offers a scalable approach to continuous anxiety monitoring beyond traditional clinical
settings. Wearable-enabled predictive models allow practitioners to prioritize at-risk adolescents, optimize
resource allocation, and deliver personalized preventive interventions rather than reactive treatments. This
data-driven approach supports more efficient mental health service management and aligns with preventive
healthcare strategies emphasized in adolescent mental health policies.

From a technology management perspective, the results highlight the importance of adopting a human-
centered design in digital mental health solutions. Developers and system managers should prioritize multi-
modal data integration, interpretability of predictive outputs, and ethical data governance, including privacy
protection and informed consent. By embedding these considerations into system design and implementation,
organizations can enhance user trust, ensure responsible use of wearable data, and support the sustainable
deployment of anxiety prediction technologies aligned with long-term educational and healthcare objectives.

5. CONCLUSION

This study addresses an important research gap in adolescent mental health monitoring by developing
an anxiety prediction model that integrates smartwatch-derived physiological and behavioral data with self-
reported affect scales. While previous studies have predominantly focused on adult populations or relied on
single-source data, this research extends existing knowledge by adopting a longitudinal, multimodal approach
tailored specifically to adolescents. The findings demonstrate that combining objective wearable sensor data
with subjective affective assessments provides a more comprehensive representation of anxiety, enabling more
accurate and continuous detection compared to conventional assessment methods.

The novelty of this study lies in its human-centered integration of multimodal data within a ma-
chine learning framework for adolescent anxiety prediction. By positioning self-reported affect as a mediating
construct between smartwatch activity indicators and anxiety outcomes, the proposed model captures both ob-
servable behavioral patterns and internal emotional experiences. This approach not only improves predictive
performance but also ensures that technological solutions remain sensitive to adolescents’ psychological con-
texts, aligning wearable-based analytics with preventive mental health objectives and sustainable digital health
principles.

Despite its contributions, this study opens several avenues for future research. Subsequent studies may
incorporate larger and more diverse adolescent populations to enhance model generalizability across cultural
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and socio-economic contexts. Future research could also explore the integration of additional data sources,
such as contextual, academic, or social interaction data, as well as the application of explainable artificial
intelligence techniques to improve model transparency and clinical interpretability. Long-term intervention
studies are further recommended to evaluate how real-time anxiety prediction systems influence behavioral
change, mental health outcomes, and educational performance over extended periods.
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