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Abstract 

Youth suicidality remains a critical global mental health challenge, necessitating innovative and data-

driven approaches to early detection and intervention. This study examines the emerging role of 

digital phenotyping and sensor-based risk identification systems in assessing suicidality trends 

among young populations. By leveraging data from smartphones, wearable devices, and online 

behavioral patterns, digital phenotyping enables continuous, real-time monitoring of psychological 

states, including mood variability, social withdrawal, and sleep disturbances. 

Sensor-based systems further enhance predictive capacity through the integration of machine 

learning algorithms capable of identifying subtle behavioral anomalies associated with suicidal 

ideation. 

The research adopts a multidisciplinary framework, combining insights from computational 

psychiatry, behavioral science, and artificial intelligence to evaluate the effectiveness, limitations, 

and ethical implications of these technologies. While findings suggest significant potential for early 

risk detection and personalized intervention, concerns regarding data privacy, algorithmic bias, and 

informed consent remain paramount. The study concludes by highlighting the need for ethically 

grounded, clinically integrated, and policy-supported implementations to ensure responsible 

deployment in youth mental health contexts. 
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Introduction 

Youth suicidality has emerged as a critical global public health concern, representing one of the 

leading causes of death among adolescents and young adults. The complexity of suicidal behaviors 

encompassing ideation, planning, attempts, and completion poses significant challenges for 

prevention and early intervention. Traditional approaches to assessing suicidality have largely relied 

on clinical interviews, self-report instruments, and retrospective evaluations (Kozyreva et al., 2020). 

While these methods provide valuable insights, they are often limited by recall bias, social 

desirability effects, and the episodic nature of clinical encounters, which may fail to capture the 

dynamic and rapidly fluctuating risk states characteristic of vulnerable youth populations. 
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In recent years, advances in digital technologies have introduced new possibilities for understanding 

and predicting mental health outcomes. Among these innovations, digital phenotyping defined as the 

moment-by-moment quantification of individual-level human behavior using data from personal 

digital devices has gained prominence as a transformative approach in psychiatric research. By 

leveraging continuous streams of data from smartphones, wearable devices, and online interactions, 

digital phenotyping enables the passive and objective measurement of behavioral markers such as 

sleep patterns, mobility, communication frequency, and social engagement. These data points can 

serve as proxies for psychological states, offering unprecedented temporal resolution in monitoring 

mental health trajectories. 

 

Complementing this approach are sensor-based risk identification systems, which utilize embedded 

sensors (e.g., GPS, accelerometers, gyroscopes, and biometric trackers) to detect behavioral 

anomalies associated with heightened suicide risk. When combined with machine learning 

algorithms and predictive analytics, these systems can identify subtle changes in routine, affect, and 

cognition that may precede suicidal crises. Such capabilities align with broader developments in 

artificial intelligence and intelligent agent technologies, which have demonstrated increasing utility 

in predictive modeling and decision support across various domains (Kumar et al., 2016; Perez, 

2017). In the context of mental health, these tools hold particular promise for enabling early 

detection and timely intervention. 

 

The growing reliance on digital infrastructures and data-driven systems in contemporary society 

further underscores the relevance of these approaches. As individuals become increasingly 

embedded within digital ecosystems, vast amounts of behavioral data are generated, curated, and 

analyzed in real time (Bhaskar, 2013; Connock, 2022). This transformation reflects a broader shift 

toward an attention-driven and algorithmically mediated environment, where patterns of interaction 

and engagement can be systematically tracked and interpreted (Nelson-Field, 2020; Frey, 2021). 

Such developments create both opportunities and challenges for mental health research, particularly 

in the ethical use of sensitive personal data. 

 

Despite the potential benefits, the application of digital phenotyping and sensor-based systems to 

youth suicidality raises important ethical, legal, and societal concerns. Issues related to privacy, 

informed consent, data security, and algorithmic bias are particularly salient when dealing with 

vulnerable populations such as minors (Helbing, 2018; Kozyreva et al., 2020). Moreover, the 

increasing integration of artificial intelligence into decision-making processes necessitates careful 

consideration of accountability, transparency, and the potential for unintended consequences. 

Scholars have highlighted the dual nature of digital technologies, emphasizing both their capacity to 

enhance human well-being and their potential to exacerbate existing inequalities and risks 

(Vannuccini & Prytkova, 2021; Brubaker, 2020). 

 

This study seeks to assess youth suicidality trends through the lens of digital phenotyping and 

sensor-based risk identification systems, with a focus on their methodological foundations, practical 

applications, and broader implications. By synthesizing insights from computational psychiatry, data 

science, and digital media studies, the research aims to contribute to a more nuanced understanding 

of how emerging technologies can support early detection and prevention strategies. At the same 

time, it critically engages with the ethical and societal dimensions of these innovations, recognizing 

the need for responsible and human-centered approaches in the deployment of digital mental health 

tools. 
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1. Conceptual Foundations 

Understanding youth suicidality within contemporary digital environments requires a robust 

conceptual grounding that integrates insights from computational science, behavioral psychology, 

and media studies. The proliferation of digital technologies, particularly smartphones, wearable 

devices, and platform-based ecosystems has enabled the emergence of new paradigms for observing, 

measuring, and predicting mental health risks. Among these, digital phenotyping and sensor-based 

risk identification systems have gained prominence as data-driven approaches capable of capturing 

real-time behavioral and psychological signals. 

 

These developments are situated within broader transformations in the digital economy, where 

algorithmic systems increasingly mediate human behavior, attention, and interaction (Connock, 

2022; Nelson-Field, 2020). The conceptual foundations of this research, therefore, draw not only 

from clinical and psychological models of suicidality but also from the socio-technical 

infrastructures that shape how individuals engage with digital environments (Brubaker, 2020). 

Furthermore, the growing reliance on artificial intelligence (AI) and intelligent agent technologies 

necessitates a critical engagement with their capabilities and limitations in predictive health analytics 

(Kumar et al., 2016; Vannuccini & Prytkova, 2021). 

 

1.1 Digital Phenotyping: Definition and Conceptual Scope 

Digital phenotyping refers to the moment-by-moment quantification of individual-level human 

behavior and physiology using data collected from personal digital devices. It represents a paradigm 

shift from traditional episodic clinical assessments to continuous, real-time behavioral monitoring. 

 

At its core, digital phenotyping leverages data streams such as typing patterns, mobility trajectories, 

social media engagement, and communication frequency to infer psychological states. This aligns 

with broader trends in AI-driven data analytics, where large-scale behavioral datasets are used to 

model complex human phenomena (Perez, 2017; Vermesan & Bacquet, 2019). 

 

Importantly, digital phenotyping is rooted in the assumption that behavioral signals serve as proxies 

for mental health states, including depression, anxiety, and suicidal ideation. For example, reduced 

mobility, irregular sleep patterns, and diminished communication frequency may indicate 

psychological distress. Such insights resonate with research on digital hyperconnectivity, which 

emphasizes how online and offline behaviors are increasingly intertwined (Brubaker, 2020). 

 

Scholarly discourse also highlights the role of algorithmic interpretation in transforming raw 

behavioral data into actionable insights. As noted by Helbing (2018), the integration of big data and 

AI introduces both opportunities and risks, particularly in contexts where sensitive psychological 

inferences are made. 

Similarly, Kozyreva et al. (2020) argue that cognitive tools embedded within digital systems can 

shape how individuals perceive and respond to information, thereby influencing mental health 

outcomes. 

 

1.2 Sensor-Based Risk Identification Systems 

Sensor-based risk identification systems extend the logic of digital phenotyping by incorporating 

hardware-enabled data collection mechanisms. These systems rely on embedded sensors within 
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smartphones and wearable devices to capture physiological and environmental data. 

 

Key sensor modalities include: 

 

• Accelerometers (physical activity and movement patterns) 

• GPS sensors (location tracking and mobility analysis) 

• Microphones (speech patterns and social interaction indicators) 

• Heart rate monitors (physiological stress responses) 

• Sleep sensors (circadian rhythm and sleep quality) 

 

These technologies enable the continuous monitoring of behavioral markers associated with 

suicidality. For instance, prolonged inactivity, social withdrawal, and disrupted sleep cycles are well-

documented risk indicators. 

 

From a systems perspective, these technologies can be understood as components of large technical 

infrastructures, where data collection, processing, and interpretation occur across interconnected 

platforms (Vannuccini & Prytkova, 2021). The integration of such systems within everyday devices 

reflects broader trends in the Internet of Things (IoT), where distributed intelligence facilitates real-

time decision-making (Vermesan & Bacquet, 2019). 

 

 

1.3 Behavioral and Psychological Indicators in Digital Contexts 

The identification of suicidality through digital systems is grounded in established psychological 

theories that link behavior to mental states. In digital environments, these behaviors manifest as 

measurable data points. 

 

For example: 

 

• Social withdrawal → reduced messaging frequency 

• Cognitive decline → erratic typing patterns 

• Emotional distress → changes in content consumption 

 

 

These indicators align with research on content consumption and attention patterns, which 

demonstrates how user behavior reflects underlying psychological states (Nelson-Field, 2020; Frey, 

2021). 

 

 Additionally, algorithmic systems that curate digital experiences may inadvertently amplify or 

mitigate mental health risks by shaping exposure to certain types of content (Silva, 2021; Jansson & 

Hracs, 2018) 

 

1.4 Artificial Intelligence and Predictive Modeling 

 

Artificial intelligence plays a central role in transforming raw behavioral and sensor data into 

predictive insights. Machine learning algorithms particularly supervised and unsupervised learning 

models are used to identify patterns associated with suicidality risk 
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Table 1: Comparative Framework of Digital Phenotyping and Sensor-Based Systems in Youth 

Suicidality Assessment 

 

Dimension Digital Phenotyping Sensor-Based Risk 

Systems 

Relevance to Youth 

Suicidality 

Data Type Behavioral (typing, usage, 

communication) 

Physiological & 

environmental 

Multi-dimensional risk 

profiling 

Data Collection Software-based (apps, 

platforms) 

Hardware-based 

(wearables, sensors) 

Continuous monitoring 

Temporal 

Resolution 

High-frequency, real- time Continuous, passive 

tracking 

Early detection of risk 

patterns 

Analytical 

Methods 

Machine learning, pattern 

recognition 

Predictive analytics, 

anomaly detection 

Identification of suicidal 

ideation signals 

User Interaction Minimal (passive data 

collection) 

Fully passive or semi- 

passive 

Reduces reporting bias 

Ethical 

Concerns 

Data privacy, consent Surveillance, autonomy Sensitive youth data 

protection 

Strengths Scalable, cost-effective High accuracy, 

physiological insight 

Comprehensive risk 

detection 

Limitations Data interpretation 

challenges 

Hardware dependency Accessibility issues 

 

 

 

 

Figure 1: Behavioral and Physiological Indicators of Youth Suicidality in Digital 

Monitoring Systems 
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.These systems rely on: 

 

• Classification models (risk vs. no risk) 

• Clustering techniques (behavioral segmentation) 

• Time-series analysis (trend detection) 

 

The application of intelligent agent technologies in predictive analytics reflects broader 

developments in AI-driven decision-making systems (Kumar et al., 2016). However, as highlighted 

by De Rassenfosse et al. (2022), the increasing autonomy of AI systems raises critical questions 

regarding accountability and interpretability. 

 

1.5 Socio-Technical Context and Digital Environments 

Digital phenotyping does not operate in isolation; it is embedded within complex socio-technical 

ecosystems shaped by media platforms, economic incentives, and user behaviors. The attention 

economy, for instance, plays a significant role in structuring how individuals interact with digital 

content (Nelson-Field, 2020). 

Moreover, the rise of digital entrepreneurship and platform economies influences access to and 

deployment of these technologies, particularly in emerging regions (Friederici et al., 2020). This 

highlights the importance of contextualizing digital mental health tools within broader socio- 

economic frameworks. 

 

Research in journalism and media industries further underscores how algorithmic systems shape 

information flows and public discourse, which can indirectly impact mental health outcomes 

(Marconi, 2020; de-Lima-Santos & Mesquita, 2021). 

 

1.6 Ethical and Practical Considerations in Digital Suicidality Assessment 

The use of digital phenotyping and sensor-based systems in assessing youth suicidality raises 

important ethical and practical concerns, particularly given the sensitivity of mental health data. A 

key issue is data privacy and informed consent, as continuous data collection may occur without 

users fully understanding how their information is gathered and utilized (Helbing, 2018). 

Another concern involves algorithmic bias and fairness. Predictive models trained on limited 

datasets may produce inaccurate or unequal outcomes, potentially misidentifying at-risk individuals 

(Kozyreva et al., 2020). Additionally, the risk of over-surveillance may affect user behavior and 

autonomy, especially among young populations (Ceccaroni et al., 2019). 

From a practical perspective, data interpretation and clinical integration remain challenging. While 

AI systems can detect patterns, human expertise is essential for accurate diagnosis and intervention. 

There are also concerns regarding data ownership and accountability, particularly in systems 

involving multiple stakeholders (McGinley, 2021; Klausner & Antia, 2021). 

Overall, ethical and practical safeguards are essential to ensure that digital mental health 

technologies are applied responsibly, effectively, and in ways that protect the rights and well-being 

of young users. 
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2. Theoretical Framework 

The rapid evolution of digital technologies has transformed the landscape of mental health research, 

particularly in the study of youth suicidality. Traditional theoretical models, which rely heavily on 

clinical observation and retrospective self-reporting, are increasingly complemented by 

computational and data-driven paradigms that leverage continuous behavioral data streams. Within 

this context, digital phenotyping and sensor-based risk identification systems offer novel 

opportunities to operationalize and empirically test theories of suicidality in real time. These 

approaches align with broader shifts toward intelligent systems, predictive analytics, and human– 

machine interaction, which are reshaping how behavioral patterns are understood and interpreted 

(Kumar et al., 2016; Vermesan & Bacquet, 2019). 

 

This section develops a multi-layered theoretical framework integrating psychological theories of 

suicidality with socio-technical and computational perspectives. It situates youth suicidality within 

an ecosystem of digital behaviors, algorithmic interpretation, and platform-mediated interactions, 

thereby providing a robust conceptual basis for understanding how sensor-derived data can predict 

and potentially mitigate suicide risk. 

 

2.1 Cognitive and Behavioral Theories of Suicidality 

The theoretical foundation of suicidality research is deeply rooted in psychological and behavioral 

sciences, which conceptualize suicidal ideation as the outcome of complex interactions between 

cognitive, emotional, and social factors. Cognitive models emphasize maladaptive thought patterns, 

such as hopelessness and perceived burdensomeness, while behavioral theories highlight withdrawal, 

reduced activity, and disrupted routines as observable indicators of mental distress. 

 

Digital phenotyping extends these frameworks by enabling the continuous capture of behavioral 

proxies such as mobility patterns, communication frequency, and sleep irregularities that correspond 

to established psychological constructs. For instance, reduced geolocation variability may indicate 

social withdrawal, while changes in communication patterns can signal emotional distress. These 

behavioral indicators align with broader understandings of digital self- representation and identity 

formation in hyperconnected environments (Brubaker, 2020). 

 

Furthermore, the integration of intelligent agent technologies allows for the modeling of individual 

behavioral trajectories, thereby enhancing the predictive power of traditional theories (Kumar et al., 

2016). By embedding psychological constructs into computational systems, researchers can move 

beyond static models toward dynamic, real-time assessments of suicidality risk. 

 

2.2 Digital Behavioral Data and Contextual Signal Interpretation 

The study of youth suicidality in the digital age necessitates a socio-technical perspective that 

recognizes the interplay between human behavior and technological infrastructures. Digital 

platforms, mobile devices, and sensor networks collectively form a complex ecosystem in which 

behavioral data is continuously generated, processed, and interpreted. 

 

This perspective is informed by theories of digital hyperconnectivity, which suggest that individuals’ 

identities and behaviors are increasingly shaped by their interactions within 

networked environments (Brubaker, 2020). In such contexts, behavioral signals captured through 

http://www.ijhbs.com/


International Journal of Health and Biological Sciences, 2023;6(4),    e-ISSN: 2590-3357

  

www.ijhbs.com  8 | Page 

digital phenotyping are not merely reflections of internal states but are also influenced by platform 

dynamics, social norms, and algorithmic mediation. 

Moreover, the conceptualization of artificial intelligence as a large technical system underscores its 

role in structuring and interpreting human behavior at scale (Vannuccini & Prytkova, 2021). Sensor-

based systems, when integrated into these infrastructures, function as nodes within a broader 

network of data flows, enabling the aggregation and analysis of multimodal behavioral data. 

 

This socio-technical framing also highlights the importance of distributed intelligence, where 

decision-making processes are shared between human actors and machine systems (Vermesan & 

Bacquet, 2019). In the context of suicidality assessment, this implies a collaborative model in which 

clinicians, algorithms, and users collectively contribute to risk identification and intervention 

strategies. 

 

 

Table 2: Theoretical Models and Corresponding Digital Indicators in Suicidality Research 

 

Theoretical 

Model 

Core Constructs Digital 

Phenotyping 

Indicators 

Sensor/Data 

Sources 

Implications for 

Risk Detection 

Cognitive 

Theory 

Hopelessness, 

negative thinking 

Reduced 

communication, 

negative language 

patterns 

Text logs, 

social media 

activity 

Early detection of 

suicidal ideation 

Behavioral 

Theory 

Withdrawal, 

inactivity 

Decreased mobility, 

reduced app usage 

GPS, app usage 

logs 

Identification of 

social isolation 

Interpersonal 

Theory 

Perceived 

burdensomeness 

Decline in social 

interaction 

frequency 

Call/SMS logs Monitoring 

relationship 

disengagement 

Socio- Technical 

Theory 

Networked 

identity, digital 

interaction 

Changes in online 

engagement patterns 

Platform 

analytics 

Contextual 

understanding of 

behavior 

Computational 

Psychiatry 

Behavioral 

anomalies 

Irregular activity 

patterns 

Multimodal 

sensors 

Predictive 

modeling of risk 

 

2.3 Computational Psychiatry and Predictive Analytics 

Computational psychiatry represents a paradigm shift in mental health research, emphasizing the use 

of algorithms and data-driven models to understand and predict psychiatric conditions. In the context 

of youth suicidality, machine learning techniques are employed to analyze large datasets generated 

through digital phenotyping, identifying patterns that may not be visible through traditional methods. 

 

These approaches are closely aligned with developments in deep learning and artificial intelligence, 

which enable the processing of complex, high-dimensional data (Perez, 2017). By leveraging 

predictive analytics, researchers can develop models that estimate the likelihood of suicidal behavior 

based on historical and real-time data inputs. 

The application of such models also reflects broader trends in the commercialization and strategic 
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deployment of AI technologies, where data is increasingly viewed as a critical asset for innovation 

and decision-making (McGinley, 2021; Klausner & Antia, 2021). In this sense, suicidality 

assessment becomes part of a larger ecosystem of data-driven services, raising important questions 

about governance, accountability, and ethical use. 

 

2.4 Media Ecology, Attention Economy, and Youth Digital Engagement 

Youth engagement with digital platforms is shaped by the dynamics of the attention economy, where 

algorithms prioritize content based on engagement metrics. This environment influences not only 

what users consume but also how they express themselves and interact with others. 

 

Theoretical insights from media studies suggest that content curation and recommendation systems 

play a significant role in shaping user behavior and preferences (Frey, 2021; Nelson- Field, 2020). In 

the context of mental health, these systems may amplify certain emotional states or reinforce 

behavioral patterns, thereby affecting suicidality risk. 

 

Additionally, the concept of the “content machine” highlights the industrial and technological 

processes underlying digital media production and distribution (Bhaskar, 2013). These processes 

determine the visibility and accessibility of mental health-related content, influencing how 

individuals perceive and respond to their own experiences. 

 

Human curation, as opposed to purely algorithmic filtering, has been proposed as a means of 

mitigating content overload and improving the quality of information available to users (Silva, 2021). 

This has implications for the design of digital interventions aimed at supporting youth mental health. 

 

 

Table 3: Sensor Technologies and Analytical Functions in Risk Identification Systems 

 

Sensor Type Data Collected Analytical 

Function 

Behavioral 

Insight 

Application in 

Suicidality Assessment 

GPS Location, 

movement patterns 

Mobility 

analysis 

Social 

withdrawal 

Detect reduced social 

engagement 

Accelerometer Physical activity 

levels 

Activity 

tracking 

Lethargy, 

inactivity 

Identify depressive 

symptoms 

Microphone Ambient sound, 

speech patterns 

Audio analysis Emotional tone Detect distress signals 

Screen Usage App interaction, 

screen time 

Usage analytics Digital 

engagement 

Monitor behavioral 

changes 

Wearables Sleep, heart rate Biometric 

analysis 

Stress, fatigue Early warning signals 

 
 

2.5 Ethical and Cognitive Dimensions of Algorithmic Decision- Making 

The integration of AI into mental health assessment raises significant ethical and cognitive 

challenges. Theoretical perspectives emphasize the need for transparency, accountability, and user 
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empowerment in the design and deployment of digital systems. 

 

Research on digital cognition highlights the ways in which individuals interact with and interpret 

algorithmic outputs, underscoring the importance of cognitive tools that enable users to critically 

engage with digital information (Kozyreva et al., 2020). This is particularly relevant in the context of 

youth, who may be more vulnerable to the influence of algorithmic systems. 

 

Moreover, the ethical implications of AI, including issues of manipulation, bias, and data privacy, 

have been extensively discussed in the literature (Helbing, 2018). These concerns are amplified in 

the context of suicidality assessment, where inaccurate predictions or misuse of data can have serious 

consequences. 

 

Figure 2: Behavioral Indicators and Predicted Suicide Risk Levels Among Youth. 

 

 

Overall, the theoretical framework presented integrates psychological, socio-technical, and 

computational perspectives to provide a comprehensive understanding of youth suicidality in the 

digital age. By linking traditional behavioral theories with advanced data analytics and sensor 

technologies, the framework highlights the potential of digital phenotyping as a transformative tool 

in mental health research. At the same time, it underscores the importance of ethical considerations 

and human-centered design in ensuring that these technologies are used responsibly and effectively. 

Collectively, this multi-dimensional approach offers a robust foundation for future empirical 

investigations and policy development in the field of youth mental health. 

 

 

3. Methodological Approaches 

The methodological architecture for assessing youth suicidality through digital phenotyping and 

sensor-based risk identification systems reflects an interdisciplinary convergence of computational 

analytics, behavioral science, and mental health research. Traditional methodologies largely 
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dependent on self-reports and episodic clinical evaluations have proven insufficient in capturing the 

dynamic and often transient nature of suicidal ideation among youth. Consequently, contemporary 

approaches leverage continuous, real-time data streams generated through digital devices to 

construct predictive and adaptive models of mental health risk. These methods align with broader 

transformations in data-driven systems and intelligent technologies, which enable the extraction of 

meaningful behavioral signals from complex digital environments (Kumar et al., 2016; Vermesan & 

Bacquet, 2019). This section outlines the core methodological components underpinning such 

systems, including data collection strategies, analytical techniques, system integration, and 

validation processes. 

 

3.1 Data Collection Techniques 

Data collection within digital phenotyping frameworks is typically divided into passive and active 

modalities, each contributing distinct forms of behavioral insight. 

 

Passive data collection involves the unobtrusive gathering of information from smartphones and 

wearable sensors. This includes GPS-derived mobility patterns, accelerometer data indicating 

physical activity levels, call and text frequency logs, and app usage behaviors. These data 

streams provide continuous and ecologically valid indicators of an individual’s daily functioning, 

enabling the detection of subtle behavioral deviations associated with mental health deterioration 

(Kozyreva et al., 2020). For instance, reduced mobility or increased social withdrawal captured 

through location and communication data may signal heightened suicide risk. 

 

Active data collection, by contrast, relies on user engagement through ecological momentary 

assessments (EMAs), mood surveys, and digital diaries. While more intrusive, these methods allow 

for the direct capture of subjective psychological states, complementing passive data with self-

reported emotional and cognitive experiences. The integration of both modalities enhances data 

richness and improves predictive accuracy. 

 

Importantly, the design of data collection systems must consider user burden, compliance, and 

ethical safeguards, particularly when involving vulnerable youth populations. As highlighted in 

studies on digital participation and citizen-centered technologies, balancing data granularity with user 

autonomy remains a critical methodological challenge (Ceccaroni et al., 2019). 

3.2 Analytical Models and Machine Learning Techniques 

The analytical backbone of digital phenotyping systems lies in the application of machine learning 

(ML) and artificial intelligence (AI) techniques to identify patterns indicative of suicidality risk. 

These models process high-dimensional, multimodal datasets to generate predictive insights that 

would be unattainable through traditional statistical methods. 

 

Supervised learning algorithms, such as logistic regression, random forests, and support vector 

machines, are commonly employed to classify individuals based on known risk indicators. These 

models are trained on labeled datasets where instances of suicidal ideation or behavior have been 

previously identified. In contrast, unsupervised learning techniques, including clustering and 

anomaly detection, are used to uncover latent behavioral patterns and detect deviations from 

normative baselines. 

 

Deep learning approaches further enhance analytical capabilities by modeling complex temporal 
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relationships within longitudinal data streams. Such techniques are particularly useful in capturing 

nonlinear interactions between behavioral variables, thereby improving the sensitivity and specificity 

of risk predictions (Perez, 2017; Vannuccini & Prytkova, 2021). 

 

However, the deployment of these models raises concerns regarding interpretability and 

transparency. As AI systems become more complex, understanding how predictions are generated 

becomes increasingly difficult, necessitating the development of explainable AI frameworks to 

ensure accountability and trust (Helbing, 2018). 

 

3.3 Integration of Multimodal Data Systems 

A defining feature of advanced methodological approaches in this domain is the integration of 

multimodal data sources. By combining behavioral, physiological, and contextual data, 

researchers can construct a more holistic representation of an individual’s mental state. 

 

For example, smartphone usage patterns may be integrated with wearable sensor data capturing heart 

rate variability and sleep quality. Additionally, environmental data such as weather conditions or 

social context can be incorporated to contextualize behavioral changes. This integrative approach 

aligns with the concept of distributed intelligence, where multiple data nodes interact to generate 

comprehensive insights (Vermesan & Bacquet, 2019). 

 

The methodological challenge lies in harmonizing heterogeneous data formats and ensuring 

temporal alignment across data streams. Advanced data fusion techniques and cloud-based 

infrastructures are often employed to address these challenges, enabling real-time processing and 

analysis. 

 

3.4 Validation and Reliability Measures 

Ensuring the validity and reliability of digital phenotyping systems is critical for their adoption in 

clinical and research settings. Methodological rigor requires the implementation of robust validation 

strategies, including cross-validation, external validation with independent datasets, and longitudinal 

testing. 

 

Ground truth validation remains a significant challenge, as suicidal ideation is inherently subjective 

and difficult to measure directly. Researchers often rely on proxy indicators, such as clinical 

diagnoses or self-reported assessments, to validate model predictions. This introduces potential 

biases and underscores the importance of triangulating multiple data sources. 

 

Reliability is further influenced by data quality, sensor accuracy, and user adherence to data 

collection protocols. Inconsistent data streams or device malfunctions can compromise model 

performance, necessitating the development of error-handling mechanisms and data imputation 

techniques. 

 

3.5 Ethical and Privacy-Centered Methodological Design 

Methodological approaches in this field must be grounded in ethical principles, particularly given 

the sensitive nature of mental health data. Privacy-preserving techniques, such as data 

anonymization, encryption, and federated learning, are increasingly integrated into system design to 
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protect user confidentiality. 

 

Informed consent is another critical component, requiring transparent communication about data 

usage, risks, and benefits. This is especially important when working with minors, where additional 

safeguards and parental involvement may be necessary. 

 

Moreover, algorithmic bias presents a methodological concern, as models trained on non- 

representative datasets may produce inequitable outcomes. Addressing these biases requires inclusive 

data collection practices and continuous monitoring of model performance across diverse 

populations (Kozyreva et al., 2020). 

 

In summary, the methodological approaches underpinning the assessment of youth suicidality 

through digital phenotyping and sensor-based systems represent a significant advancement in mental 

health research. By integrating continuous data collection, sophisticated analytical models, and 

multimodal system architectures, these methods offer unprecedented opportunities for early detection 

and intervention. However, their effectiveness is contingent upon rigorous validation, ethical 

integrity, and careful consideration of contextual limitations. As the field continues to evolve, future 

methodological innovations must strive to balance technological sophistication with human-centered 

design, ensuring that predictive capabilities translate into meaningful and equitable mental health 

outcomes. 

 

 

 

4. Applications in Youth Mental Health 

The increasing prevalence of mental health challenges among youth has prompted innovative 

approaches to monitoring and intervention. Traditional methods, such as clinical interviews, surveys, 

and observational studies, are often limited by self-report biases, irregular monitoring, and delayed 

intervention (Kozyreva et al., 2020; Helbing, 2018). Digital phenotyping and sensor- based risk 

identification systems provide a transformative approach, allowing for continuous, real-time 

assessment of behavioral, cognitive, and physiological markers that are associated with suicidality 

and other mental health risks (Marconi, 2020; Ceccaroni et al., 2019). This section examines the 

multifaceted applications of these technologies in youth mental health, highlighting their role in early 

detection, behavioral monitoring, intervention personalization, and integration with healthcare 

systems. 

 

4.1 Early Detection of Suicidal Ideation 

Digital phenotyping allows for the detection of early warning signs of suicidality by capturing 

passive behavioral markers, such as reduced social interactions, sleep disturbances, and changes in 

mobility patterns (Jansson & Hracs, 2018; Silva, 2021). Studies demonstrate that machine learning 

algorithms can analyze smartphone and wearable data to identify patterns indicative of heightened 

suicide risk before it manifests clinically (De Rassenfosse et al., 2022). For example, fluctuations in 

communication frequency, late-night device usage, and erratic movement have been correlated with 

depressive episodes and suicidal ideation among adolescents (Kumar et al., 2016; Perez, 2017). 

These systems enable mental health professionals to prioritize preventive interventions, potentially 

reducing the incidence of acute crises (Friederici et al., 2020). 
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4.2 Monitoring Behavioral Changes 

Sensor-based systems provide continuous monitoring of daily activities, physiological states, and 

social interactions, offering an unobtrusive window into youth mental health. Accelerometers, GPS, 

and heart rate monitors capture activity levels, sleep patterns, and mobility, which are associated 

with depressive and suicidal tendencies (Vermesan & Bacquet, 2019; Vannuccini & Prytkova, 

2021). Similarly, social media usage patterns and text sentiment analyses help track mood changes 

and social withdrawal (Brubaker, 2020). By integrating multiple behavioral streams, digital 

phenotyping enables comprehensive, longitudinal assessment, facilitating nuanced insights into 

individual trajectories and risk progression. 

 

4.3 Personalized Intervention and Feedback 

Digital platforms allow for tailored interventions based on real-time behavioral data. Ecological 

momentary interventions (EMIs), push notifications, and adaptive app-based therapy can respond to 

detected high-risk patterns by providing psychoeducation, mood regulation strategies, or connecting 

the user to crisis resources (Nelson-Field, 2020; Marconi, 2020). For instance, a youth exhibiting 

increased nighttime phone use and reduced mobility may receive automated prompts encouraging 

sleep hygiene and relaxation exercises. Personalization enhances engagement and effectiveness of 

mental health interventions, particularly in populations with limited access to traditional therapy 

(Morris, 2022; Frey, 2021). 

 

4.4 Integration with Clinical and School-Based Systems 

Digital phenotyping data can be integrated into clinical workflows and educational settings to inform 

care planning and preventive measures (de-Lima-Santos & Mesquita, 2021). Clinicians can access 

real-time dashboards summarizing behavioral trends, enabling timely decisions and triage. Similarly, 

school counselors can monitor at-risk students while maintaining confidentiality, combining 

automated alerts with human judgment to design support strategies (Connock, 2022; Day, 2011). 

Such integration ensures that digital insights complement rather than replace professional expertise, 

creating a hybrid model of mental health monitoring. 

 

4.5 Predictive Modeling and Risk Stratification 

Advanced analytics and machine learning techniques facilitate risk stratification, identifying youth at 

varying levels of suicidality risk (Klausner & Antia, 2021; McGinley, 2021). Predictive models 

incorporate multimodal data behavioral, physiological, and digital interaction metrics to generate 

risk scores that can inform intervention prioritization. These systems have been shown to outperform 

traditional screening tools in predictive accuracy, offering opportunities for early, data-driven 

preventive strategies (Bhaskar, 2013; Kozyreva et al., 2020). 

In sum, the integration of digital phenotyping and sensor-based systems into youth mental health 

practice represents a paradigm shift from reactive to proactive care. By enabling early detection, 

continuous behavioral monitoring, personalized interventions, and seamless integration with clinical 

workflows, these technologies provide a scalable, data-driven approach to addressing youth 

suicidality (Marconi, 2020; Ceccaroni et al., 2019). While ethical and privacy considerations remain 

critical, the potential for reducing mental health crises and improving intervention outcomes  

Table 4: Key Applications of Digital Phenotyping and Sensor-Based Systems in Youth Mental 

Health 
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Application Area Data Sources / 

Sensors 

Example Use Case Impact on Mental 

Health Practice 

Early Detection of 

Suicidal Ideation 

Smartphones, 

wearables, GPS, 

activity logs 

Identifying reduced 

social interactions or 

sleep disruptions 

Enables preventive 

interventions 

Monitoring 

Behavioral Changes 

Accelerometer, heart 

rate monitors, social 

media logs 

Tracking mobility, 

activity, and 

communication patterns 

Longitudinal 

monitoring of risk 

trajectories 

Personalized 

Intervention and 

Feedback 

Mobile apps, push 

notifications, EMIs 

Delivering adaptive 

interventions based on 

detected risk patterns 

Enhances 

engagement and 

intervention efficacy 

Integration with 

Clinical/School 
Systems 

Dashboards, cloud- 

based analytics 
platforms 

Real-time alerts for 

counselors and 
clinicians 

Supports timely 

human-guided 
interventions 

Predictive Modeling 

and Risk 

Stratification 

Machine learning 

algorithms, multimodal 

datasets 

Generating risk scores for 

proactive care 

prioritization 

Improves predictive 

accuracy and 

resource allocation 

 

 

positions digital phenotyping as a central tool in contemporary youth mental health strategies 

(Kozyreva et al., 2020; Brubaker, 2020). 

 

 

5. Ethical, Legal, and Privacy Implications 

The integration of digital phenotyping and sensor-based risk identification systems in assessing youth 

suicidality offers unprecedented opportunities for early detection and intervention. 

However, these technologies raise significant ethical, legal, and privacy concerns that must be 

addressed to ensure safe, responsible, and equitable deployment (Helbing, 2018; Kozyreva et al., 

2020). While real-time monitoring can enable personalized interventions, it simultaneously 

introduces potential risks, including data misuse, breaches of consent, and algorithmic bias 

(Brubaker, 2020; De Rassenfosse et al., 2022). This section examines the major ethical, legal, and 

privacy considerations, identifies challenges, and discusses strategies for mitigation. 

 

5.1 Data Privacy and Confidentiality 

Digital phenotyping relies heavily on the continuous collection of personal behavioral data from 

smartphones, wearables, and online interactions. This data includes sensitive indicators such as sleep 

patterns, geolocation, communication frequency, and social media activity, which are highly 

identifiable and vulnerable to misuse (Vermesan & Bacquet, 2019; Marconi, 2020). 

Maintaining confidentiality is critical because breaches can lead to social stigmatization or 

unintended psychological harm. Techniques such as data anonymization, encryption, and secure 

cloud storage are essential; however, these measures are not foolproof due to the risk of re- 

identification from aggregated datasets (Kozyreva et al., 2020). 
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Figure 3: Proportion of Youth Behavioral Data Types Collected via Digital Phenotyping. 

 

 

5.2 Informed Consent and Autonomy 

Ensuring informed consent is particularly challenging in youth populations. Minors may not fully 

understand the scope of data collection or its potential risks, creating ethical dilemmas regarding 

autonomy and voluntary participation (Frey, 2021; Silva, 2021). Parental consent is often required, 

but this can conflict with adolescents’ rights to privacy and confidentiality. Best practices involve 

tiered consent models, continuous engagement, and clear communication about data usage, storage, 

and sharing (Connock, 2022; Kozyreva et al., 2020). 

 

5.3 Algorithmic Bias and Fairness 

Predictive algorithms used in sensor-based systems are vulnerable to bias arising from non- 

representative training datasets. For example, socioeconomic, cultural, or regional differences may 

affect digital activity patterns, leading to misclassification of risk among certain youth populations 

(Kumar et al., 2016; Jansson & Hracs, 2018). Such biases can exacerbate inequalities in mental 

health support and inadvertently discriminate against marginalized groups. Implementing algorithmic 

auditing, bias detection protocols, and inclusive datasets is crucial to uphold fairness (De 

Rassenfosse et al., 2022; Vannuccini & Prytkova, 2021). 

 

5.4 Legal and Regulatory Considerations 

Digital monitoring of youth mental health intersects with multiple legal frameworks. Regulations 

such as the General Data Protection Regulation (GDPR) and child protection laws mandate strict 

limitations on data collection, storage, and processing (Helbing, 2018; Marconi, 2020). Legal 

liability arises if systems misclassify risk, fail to prevent harm, or leak sensitive information. 

Compliance strategies include risk impact assessments, documentation of data governance, and 

regular auditing of AI models (Klausner & Antia, 2021; McGinley, 2021). 
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Figure 4: Algorithmic Risk Classification Accuracy Across Demographic Groups. 

 

 

5.5 Psychological and Social Implications 

The awareness of continuous monitoring may induce surveillance stress among youth, potentially 

affecting mental health outcomes. Adolescents may alter behavior due to perceived observation, 

leading to behavioral distortion and reduced authenticity of collected data (Brubaker, 2020; Frey, 

2021). Ethical frameworks must address these consequences by emphasizing transparency, 

participatory design, and supportive rather than punitive interventions. 

 

5.6 Ethical Frameworks for Responsible Implementation 

Adopting robust ethical principles is critical for the deployment of digital phenotyping systems: 

 

1. Beneficence: Maximize positive outcomes by early intervention and mental health support 

(Nelson-Field, 2020). 

2. Non-Maleficence: Minimize risks associated with data breaches or misuse (Helbing, 2018). 

3. Justice: Ensure equitable access and algorithmic fairness (Kozyreva et al., 2020). 

4. Autonomy: Respect youth and parental rights in decision-making and consent (Silva, 2021; 

Bhaskar, 2013). 

 

Frameworks from biomedical ethics and technology governance provide actionable guidance for 

both researchers and policymakers (Vermesan & Bacquet, 2019; Friederici et al., 2020). 

 

In summary, the ethical, legal, and privacy implications of digital phenotyping and sensor-based risk 

systems in youth suicidality research are multifaceted and complex. While these technologies offer 

promising tools for early detection and intervention, they require rigorous safeguards to protect 

youth autonomy, privacy, and equitable treatment. Implementing robust consent procedures, bias 

mitigation, secure data practices, and adherence to legal frameworks is essential. Future research 

should focus on developing standardized ethical guidelines and regulatory protocols that balance 

innovation with responsibility (Connock, 2022; Marconi, 2020; De Rassenfosse et al., 2022). 
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6. Challenges and Limitations 

Despite the promising potential of digital phenotyping and sensor-based risk identification systems 

in assessing youth suicidality, the adoption and effectiveness of these technologies are accompanied 

by multiple challenges and limitations. These challenges span ethical, technical, methodological, and 

social domains, influencing both the reliability of the data collected and the practical implementation 

of these systems in real-world mental health settings (Helbing, 2018; Kozyreva et al., 2020). A 

nuanced understanding of these challenges is essential to guide responsible research, deployment, 

and policymaking in digital mental health interventions. 

 

6.1 Ethical and Privacy Concerns 

The use of continuous behavioral monitoring via smartphones, wearables, and other sensors raises 

significant ethical issues. The collection of sensitive personal data, including location, social 

interactions, and communication patterns, can infringe upon youth privacy if not properly 

safeguarded (Brubaker, 2020; Kozyreva et al., 2020). Informed consent is particularly complex when 

dealing with minors, as parental consent may conflict with adolescents’ autonomy and the need for 

confidentiality. Furthermore, there is a risk that misuse or unauthorized access to such sensitive data 

could exacerbate vulnerability and mistrust among youth populations (Helbing, 2018). 

 

6.2 Algorithmic Bias and Data Interpretation 

Machine learning models that underpin risk prediction systems are vulnerable to biases arising from 

non-representative datasets (De Rassenfosse et al., 2022; Kumar et al., 2016). For instance, models 

trained primarily on data from urban populations or technologically active youth may underperform 

when applied to marginalized communities or low-resource settings, potentially misclassifying risk 

or missing critical warning signs (Ceccaroni et al., 2019). Moreover, the interpretation of digital 

behavioral data requires careful contextualization; patterns such as social withdrawal or irregular 

sleep may not universally indicate suicidality, highlighting the risk of false positives or negatives 

(Kozyreva et al., 2020; Silva, 2021). 

 

6.3 Technical and Infrastructural Limitations 

The accuracy and reliability of digital phenotyping depend heavily on the consistency and quality of 

sensor data. Technical limitations include device variability, sensor malfunctions, and inconsistent 

user engagement with monitoring tools (Vermesan & Bacquet, 2019; Perez, 2017). Furthermore, 

disparities in access to smartphones, wearables, or stable internet connectivity can introduce 

sampling bias and limit scalability in low-income or rural contexts (Friederici et al., 2020). These 

infrastructural limitations pose significant challenges to ensuring equitable risk identification across 

diverse populations. 

 

6.4 Psychological and Social Implications 

Continuous monitoring and the awareness of being observed may have unintended psychological 

consequences, such as heightened anxiety or self-consciousness, potentially altering natural 

behaviors (Brubaker, 2020; Marconi, 2020). Additionally, the reliance on automated risk alerts can 

reduce opportunities for nuanced human judgment in clinical decision-making, potentially 
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undermining therapeutic relationships and trust between youth and caregivers (Morris, 2022). 

The social context, including stigma associated with mental health monitoring, further complicates 

engagement and adherence to these systems (Nelson-Field, 2020). 

 

6.5 Legal and Regulatory Challenges 

The deployment of sensor-based monitoring tools intersects with complex legal frameworks 

governing data protection, mental health services, and digital technologies. Compliance with 

regulations such as GDPR, HIPAA, or national child protection laws requires stringent safeguards 

for data storage, sharing, and processing (Helbing, 2018; De Rassenfosse et al., 2022). In many 

regions, legislation lags behind technological innovations, creating legal ambiguities around liability, 

data ownership, and the rights of minors in digitally mediated mental health interventions (Kozyreva 

et al., 2020). 

 

6.6 Methodological Limitations 

Research studies employing digital phenotyping often face challenges related to sample size, 

attrition, and variability in data collection methods (Jansson & Hracs, 2018; Ceccaroni et al., 2019). 

Standardization across devices and platforms is limited, making comparative analysis difficult. 

Furthermore, predictive models are constrained by the temporal nature of digital behavioral data; 

short-term datasets may not accurately reflect long-term risk trends, potentially undermining 

predictive validity (Perez, 2017; Kumar et al., 2016). 

 

In summary, while digital phenotyping and sensor-based risk identification systems hold 

transformative potential for early detection of youth suicidality, multiple challenges hinder their 

optimal implementation. Ethical concerns, algorithmic bias, infrastructural inequalities, 

psychological impacts, legal ambiguities, and methodological constraints collectively underscore the 

need for interdisciplinary collaboration among researchers, clinicians, policymakers, and 

technologists. Addressing these limitations is critical to developing responsible, equitable, and 

effective digital mental health strategies that safeguard youth well-being while enhancing predictive 

accuracy (Helbing, 2018; Brubaker, 2020; Kozyreva et al., 2020). 

 

 

7. Future Directions and Policy Implications 

Digital phenotyping and sensor-based risk identification systems represent a transformative frontier 

in youth mental health assessment. Despite challenges related to ethics, bias, and infrastructure, 

these technologies offer unprecedented opportunities for proactive suicide prevention. To maximize 

their potential, research, policy, and practice must evolve in tandem, addressing technological, 

ethical, and societal dimensions while fostering innovation that is safe, equitable, and scalable 

(Helbing, 2018; Kozyreva et al., 2020). 

 

7.1 Integration with Healthcare Systems 

Future development should prioritize the seamless incorporation of digital phenotyping tools into 

existing clinical workflows. Integrating sensor-based monitoring with electronic health records and 

mental health services can enhance continuity of care, allow for early interventions, and facilitate 

data-driven decision-making (Marconi, 2020; McGinley, 2021). Collaboration between technology 
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developers, clinicians, and policymakers is critical to establish standardized protocols for data use, 

intervention triggers, and clinical interpretation. 

 

7.2 Development of Ethical AI Frameworks 

To mitigate risks related to privacy, autonomy, and algorithmic bias, robust ethical AI frameworks 

must guide the design and deployment of monitoring systems (Brubaker, 2020; De Rassenfosse et 

al., 2022). This includes implementing transparent model architectures, accountability mechanisms 

for predictive errors, and participatory governance structures that involve youth, caregivers, and 

mental health professionals in decision-making. Such frameworks can ensure that predictive systems 

respect ethical norms while maintaining scientific rigor (Helbing, 2018; Kozyreva et al., 2020). 

 

7.3 Interdisciplinary Research and Collaboration 

Future research should adopt a cross-disciplinary approach, combining insights from computer 

science, psychiatry, psychology, public health, and sociology (Friederici et al., 2020; Kumar et al., 

2016). Interdisciplinary collaboration will improve model validity, enhance contextual 

understanding of youth behaviors, and support culturally sensitive interventions. Comparative 

studies across regions, socioeconomic groups, and technological contexts can also inform scalable 

solutions that account for diverse risk factors (Ceccaroni et al., 2019; Jansson & Hracs, 2018). 

 

7.4 Policy Development and Regulatory Oversight 

Policymakers must develop regulations that balance innovation with the protection of minors’ rights. 

This includes defining standards for data collection, consent, privacy, and use in clinical and research 

contexts (Helbing, 2018; Kozyreva et al., 2020). National and international collaboration is essential 

to harmonize regulatory frameworks, reduce legal ambiguities, and ensure equitable access to 

technology-enabled mental health services (De Rassenfosse et al., 2022; Brubaker, 2020). 

 

7.5 Technological Innovations and Accessibility 

Future directions also include improving sensor accuracy, data interoperability, and real-time 

predictive analytics to enhance early detection of suicidality (Perez, 2017; Vermesan & Bacquet, 

2019). Additionally, ensuring accessibility for underserved and low-resource populations is critical. 

Mobile health (mHealth) platforms, low-cost wearables, and offline data collection methods can 

reduce the digital divide and democratize access to early intervention tools (Friederici et al., 2020; 

McGinley, 2021). 

 

7.6 Youth Engagement and Participatory Design 

Active involvement of youth in the design and evaluation of monitoring systems can improve 

usability, trust, and adherence (Silva, 2021; Brubaker, 2020). Participatory design approaches ensure 

that technologies are developmentally appropriate, culturally sensitive, and aligned with the lived 

experiences of adolescents. Empowering youth as stakeholders can also foster greater acceptance and 

ethical use of predictive technologies in mental health contexts. 

 

In sum, the future of youth suicidality assessment lies in the responsible and ethical integration of 

digital phenotyping and sensor-based risk identification systems. Strategic investments in 
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interdisciplinary research, ethical AI, policy harmonization, and youth-centered design can create a 

preventive framework that is effective, equitable, and scalable. By addressing technological, ethical, 

and social challenges proactively, policymakers, researchers, and practitioners can transform digital 

mental health tools from experimental innovations into robust, life-saving interventions (Helbing, 

2018; Marconi, 2020; Kozyreva et al., 2020). 

 

 

8. Conclusion 

The integration of digital phenotyping and sensor-based risk identification systems presents a 

significant advancement in assessing youth suicidality. This research highlights both the potential 

and the complexities of leveraging technology for mental health interventions. Digital phenotyping 

enables continuous, real-time monitoring of behavioral patterns, while sensor-based systems provide 

objective data to identify early warning signs of suicidal ideation. Together, these approaches offer 

the possibility of proactive, personalized interventions that could significantly reduce risk among 

vulnerable youth populations (Marconi, 2020; Kozyreva et al., 2020; Helbing, 2018). 

 

However, as explored in the preceding sections, the adoption of these technologies is accompanied 

by substantial challenges, including ethical concerns regarding privacy and consent, algorithmic 

bias, infrastructural limitations, psychological implications, and regulatory gaps (Brubaker, 2020; De 

Rassenfosse et al., 2022; Ceccaroni et al., 2019). Addressing these issues is essential to ensure that 

interventions are not only effective but also equitable, culturally sensitive, and ethically sound. 

 

Looking forward, the future of youth suicidality assessment relies on interdisciplinary collaboration, 

robust ethical frameworks, technological innovation, and policy development that protects minors 

while enabling timely interventions (Friederici et al., 2020; Perez, 2017; McGinley, 2021). Engaging 

youth directly in the design and implementation of these systems further ensures that tools are 

developmentally appropriate, socially accepted, and effective in real-world contexts (Silva, 2021; 

Brubaker, 2020). 

 

In conclusion, while digital phenotyping and sensor-based systems are not without limitations, their 

strategic application has the potential to transform youth mental health care. By integrating 

technological innovation with ethical oversight, interdisciplinary research, and inclusive policy, 

these tools can move beyond experimental applications to become central components of preventive 

mental health strategies, ultimately saving lives and improving the well-being of adolescents 

globally (Helbing, 2018; Marconi, 2020; Kozyreva et al., 2020). 
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