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Abstract

Depression is a complex and highly individual mental health condition that requires timely,
personalised, and context-aware support. Traditional depression management often relies on
periodic clinical assessments and self-reported symptoms, which can limit the ability to detect
changes over time, respond to individual needs, and provide continuous support in everyday
environments. Recent advances in Internet of Things (IoT)-enabled health technologies have
created new opportunities for continuous and personalised depression management. How-
ever, existing loT-based mental health systems remain fragmented, with many focusing on
isolated sensing, symptom prediction, or prototype-level functionality rather than integrated,
safety-aware, personalised, and implementation-informed solutions. This thesis proposes
loTMindCare, an implementation-informed reference architecture for safe, personalised, and
context-aware depression monitoring and management. The thesis addresses these gaps by
integrating evidence from existing loT-based depression systems with data-driven monitor-
ing, engagement-focused design, architectural modelling, and expert-informed refinement to
inform safer, more personalised, and more implementation-aware depression management.
First, a systematic review establishes the current state of IoT-based solutions for depression
and emotional well-being, identifying key gaps in sensing approaches, data analysis, user
engagement, privacy, security, interoperability, and system integration. Second, a data-driven
IoT approach examines how environmental factors, particularly temperature and humidity,
may provide an additional contextual layer for interpreting mental health-related patterns.
Third, a gamified loT-based study explores how micro-games, adaptive surveys, sensor
data, and personalised feedback can support user engagement, self-awareness, and ongoing
self-management. Fourth, the loTMindCare reference architecture integrates these insights
into a modular framework that combines multimodal sensing, hybrid edge-cloud process-
ing, personalised analytics, anomaly detection, alert mechanisms, and stakeholder-centred
design. Finally, an expert-informed refinement study extends loTMindCare by incorporating
technical and clinical perspectives on feasibility, safety, personalisation, governance, interop-
erability, workflow integration, and deployment constraints. The main contribution of this
thesis is a coherent architectural foundation for moving IoT-based depression management

beyond fragmented prototypes toward safer and more personalised digital mental health



iii

systems. The architecture is evaluated through design-level analysis and expert-informed
refinement; its integrated operational performance, clinical effectiveness, and deployment
feasibility remain to be established through future empirical studies. Rather than treating
depression monitoring as a purely predictive or technology-driven task, the thesis argues that
future IoT-based depression management requires contextual interpretation, personalised
calibration, human-in-the-loop oversight, alert governance, privacy-aware design, and align-
ment with clinical and real-world implementation requirements. IoTMindCare provides
a foundation for future prototyping, simulation, pilot studies, and empirical validation of

IoT-enabled systems for depression monitoring and management.
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Chapter 1
Introduction

Depression is a complex mental health condition that affects emotional well-being, daily
functioning, relationships, work, and study. The World Health Organization (WHO) de-
scribes depression as a common mental disorder, and based on 2021 Global Burden of
Disease estimates, reports that approximately 332 million people worldwide are living with
depression [1, 2]. It also notes that treatment gaps remain substantial, including in high-
income countries [2]. More broadly, the WHO’s World Mental Health Report argues that
many people who need mental health support do not receive adequate care, and that current
mental health systems remain under-resourced, fragmented, and insufficiently responsive to
population needs [3]. Consequently, the prevailing view is to consider depression not only as
a clinical issue, but also as a systems-level public health challenge that requires better models
of detection, monitoring, support, and continuity of care [4, 5].

In Aotearoa New Zealand, recent population-level data provide local context for the
importance of improving approaches to depression-related monitoring and support. The
2024/25 New Zealand Health Survey reported that 14.3% of adults aged 15 years and
over experienced high or very high psychological distress in the four weeks before the
survey, compared with 7.4% in 2019/20 [6]. Although psychological distress is broader than
depression and should not be interpreted as a depression-specific diagnosis, this increase
indicates a growing level of emotional distress in the population and reinforces the need to
explore safe, personalised, and context-aware approaches that may support earlier awareness
and more continuous monitoring.

To further illustrate the scale and persistence of depression as a public health challenge,
Figure 1.1 presents percentage-based trends in the estimated prevalence of depressive disor-
ders globally and in New Zealand from 1990 to 2023, based on Global Burden of Disease
2023 estimates [1]. The figure provides contextual motivation for the thesis by showing that

depression remains a sustained population-level concern at both global and local levels.
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Fig. 1.1 Trends in the estimated prevalence of depressive disorders globally and in New

Zealand, expressed as a percentage of the population, based on Global Burden of Disease
2023 estimates [1].

Traditional approaches to depression management remain heavily dependent on periodic
clinical encounters and self-reported symptoms [7]. Standardised instruments such as symp-
tom questionnaires play an important role in assessment, screening, and monitoring, but
they are usually administered at discrete points in time [8]. As a result, they provide limited
visibility into everyday fluctuations, behavioural changes, contextual triggers, and gradual
deterioration that may occur between formal assessments. This limitation is particularly
important for depression because symptoms often unfold over time and may be reflected
in changes to sleep, physical activity, social interaction, daily routine, motivation, and par-
ticipation in everyday activities. Therefore, a major challenge for depression management
is how to support a more continuous, personalised, and context-aware understanding of an
individual’s condition without replacing clinical judgement or increasing the burden on users
and care providers.

Digital health has opened new possibilities for delivering health services beyond episodic,
clinic-based encounters. The WHO guidelines on digital interventions for health system
strengthening stress that digital health tools should be assessed for benefits, harms, accept-
ability, feasibility, resource use, and equity, rather than being treated as inherently beneficial

simply because they are technological [9]. In mental health specifically, recent studies empha-



sise both the promise and the complexity of digital innovation, noting that implementation,
ethics, regulation, workflow fit, and service integration remain central challenges [10, 11].
This broader digital health context is important because it frames the development of Internet
of Things (IoT)-based mental health systems as a health-systems and architecture design
problem, not just a software, sensor, or machine learning problem.

In the context of loT-enabled mental health monitoring, smartphones, wearables, and
ambient sensors have created opportunities for continuous and multimodal observation of
behaviour and context in daily life. In mental health research, data from smartphones and
other personal digital devices can be used to continuously measure behaviour, activity, and
other health-related patterns in real-world settings [12]. This scope is especially relevant to
depression because depressive symptoms are often reflected in changes in sleep, activity,
routine, mobility, social behaviour, and device use over time rather than through a single
static signal [13]. The potential of IoT-enabled systems lies in their ability to combine
heterogeneous streams of behavioural, physiological, and environmental information to
support a more timely and ecologically valid understanding of mental health states [14].

The availability of sensing technologies does not by itself solve the problem of depression
management. A systematic review of smartphone-based digital sensing methods in depression
found growing interest in these approaches, but also concluded that studies had achieved
only moderate performance and that the field still faced substantial methodological and
translational limitations [13]. Likewise, a scoping review of passive sensing with wearables
and smartphones reported that relatively small cohort studies dominated the evidence base
and that most work focused on depression and anxiety using a limited set of biomarkers [15].
These findings suggest that the field is moving, but not yet mature enough to assume that
data collection alone will translate into robust clinical or operational value.

A further challenge is that mental health data are inherently contextual [16]. Passive sens-
ing studies have highlighted physiological and behavioural variables, including movement,
sleep, heart rate, voice features, social activity proxies, and device use. However, the meaning
of these variables is rarely universal across people or situations. A reduction in activity,
for example, may indicate depressive withdrawal for one person, recovery from illness for
another, a planned rest day for another, or an artefact caused by missing data or device non-
use [17]. Sheikh et al. [14] review wearable, smartphone-based, and environmental sensing
and explicitly note the need to consider both intra-personal and inter-personal differences
when interpreting passive data. This means that context-awareness and personalisation are
not optional enhancements to IoT-based depression monitoring; they are central requirements

for valid interpretation.
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In addition to contextual interpretation and personalisation, sustained user engagement
is also essential. Digital mental health interventions may expand access, convenience, and
flexibility, and they are often acceptable to users [18]. For example, Lau et al. [18] found
generally positive acceptability among patients with depression or anxiety disorders, although
the quality of the evidence was only moderate. However, acceptability is not the same as
sustained engagement. Smith et al. [19] concluded that engagement rates in digital mental
health are consistently low and identified three major challenges: the lack of agreed-upon
engagement metrics, the lack of evidence linking engagement quality to outcomes, and
the lack of standards for user involvement. These observations are crucial for a thesis on
depression management because a technically capable system that users do not meaningfully
engage with is unlikely to produce lasting benefit.

Extant literature supports a clear conclusion: the field no longer needs only more sensing
studies or isolated prediction models. Further progress also requires architecture-level think-
ing about how sensing, interpretation, safety, personalisation, engagement, interoperability,
stakeholder interaction, and governance can be organised within coherent systems. That is
the context in which this thesis is positioned. The thesis investigates how fragmented work
in IoT-based depression monitoring and management can be consolidated into an integrative
reference architecture that supports safe, personalised, and context-aware system design,

while providing a foundation for future implementation and validation.

1.1 Problem Statement and Motivation

The systematic review presented in Chapter 3 shows that, although IoT-enabled and digitally
mediated mental health research has grown rapidly, current work on depression remains
fragmented across several design dimensions [20]. Four dimensions are particularly relevant

to the architecture-level contribution of this thesis:

1. Much of the literature is component-focused rather than system-focused. Many studies
examine whether a particular sensor, feature set, or machine learning model can pre-
dict depressive symptoms, but fewer studies address how sensing, data management,
interpretation, user feedback, alerting, escalation, and governance should be organised
into a coherent end-to-end system [10]. Recent field-level reviews have also noted that
digital mental health innovation is progressing alongside unresolved questions about
implementation, evidence quality, ethics, workflow relevance, and service transfor-
mation [11]. This indicates the need for architecture-level thinking that clarifies how
different system responsibilities should fit together.
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2. Safety and personalisation require stronger architectural attention. In depression
management, outputs that are poorly calibrated, context-insensitive, or overly generic
may lead to false reassurance, false alerts, alert fatigue, unnecessary anxiety, or user
distrust. At the same time, the current sensing literature makes clear that mental health
signals vary across individuals and over time, making one-size-fits-all interpretation
problematic [13]. Therefore, the challenge is not simply to gather more data, but to
design systems that can accommodate individual baselines while remaining clinically
and ethically cautious [14, 10].

3. Contextual interpretation remains insufficiently integrated into depression-oriented
system design. Environmental and situational factors can shape behaviour, routine,
comfort, sleep, and emotional experience, yet they are still underused in many monitor-
ing approaches. The passive sensing literature shows that environmental sensing is part
of the broader digital sensing ecosystem, but it has not been consistently incorporated
into depression-oriented system design [14]. This creates a gap between what can
technically be sensed and what is meaningfully interpreted in context. An architec-
ture for depression monitoring should provide a way to relate behavioural variation
to contextual, environmental, and data-quality factors before treating it as clinically

meaningful.

4. Sustained engagement is an important design consideration for depression monitoring
and management. Evidence suggests that digital mental health interventions can be
acceptable, but engagement and retention are often inconsistent [18]. This is particu-
larly important in depression, where reduced motivation and energy may themselves
affect continued use [19]. This thesis does not claim to solve the problem of long-
term engagement empirically. Rather, it treats engagement as an architectural and
design requirement by considering how user interaction, feedback, reflection, and self-
management can be supported within loT-based depression management systems [21].

The central problem addressed by this research can be stated as follows:

Current loT-based approaches to depression monitoring and management re-
main fragmented and insufficiently integrated at the architecture level. Existing
work often emphasises isolated sensing, prediction, or prototype functionality,
while giving less systematic attention to how sensing, interpretation, safety,
personalisation, contextual awareness, engagement, stakeholder interaction,
interoperability, and governance should be organised within a coherent system

architecture.



1.2 Research Questions 6

This thesis is motivated by the need to move beyond isolated technical demonstrations
of connected sensing devices, smartphone-based data collection, mobile applications, and
machine learning models toward a coherent architectural foundation for future IoT-enabled
depression monitoring and management systems. In this thesis, [oT-enabled systems are
understood as systems that combine connected sensing devices, data communication, data
processing, analytics, feedback, and stakeholder-facing interfaces within an integrated archi-
tecture. The thesis develops and refines an architectural foundation that can inform future
implementation, simulation, pilot studies, and empirical validation.

Accordingly, the problem addressed in this thesis is the absence of a coherent architectural
foundation that explains how multiple IoT components should be integrated, governed, per-

sonalised, and evaluated for safe and context-aware depression monitoring and management.

1.2 Research Questions

The research questions in this thesis are framed around a single doctoral problem: how to
consolidate fragmented loT-based depression monitoring and management research into a
coherent reference architecture that supports safe, personalised, context-aware, and future-
adaptable system design. The questions guide the research pathway through which loTMind-
Care emerges as the integrated architectural outcome of the thesis.

The overarching research question is:

How can architecture-level requirements and design principles be derived and
organised to address the fragmentation of current loT-enabled depression moni-
toring and management approaches across sensing, interpretation, safety, per-
sonalisation, contextual awareness, engagement, stakeholder interaction, inter-

operability, and governance?
This overarching question is addressed through four integrated research questions:

* RQ1: What limitations and design requirements characterise existing loT-based ap-
proaches to depression monitoring and emotional well-being?

* RQ2: How can the limitations identified in existing loT-based approaches concerning
environmental contextualisation and user engagement be explored to inform the design

of personalised and meaningful depression monitoring and management systems?

* RQ3: How can the literature-derived requirements and design insights from contextual

sensing and engagement-oriented studies be integrated into a reference architecture
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that addresses safety, personalisation, stakeholder interaction, interoperability, and

governance for IoT-based depression monitoring and management?

* RQ4: How can technical and clinical expert perspectives inform the refinement of
the proposed reference architecture to strengthen its technical and clinical relevance,

safety considerations, and suitability for future implementation and validation?

Figure 1.2 summarises the overall research pathway and contribution of the thesis. It
shows how the prelude chapters, publication-based chapters, and research questions connect
across the thesis and how the individual studies collectively lead to the development and

refinement of loTMindCare as the overall architectural contribution.

Chapter 4
Prelude to Chapter 5
Chapter 5
Chapter 2 RQ2
Lhapter 10
Prelude to Chapter 3 Contextual Chapter 8 Chapter 10 Chanters 19 & 13
Chapter 1 sensin, Prelude to Chapter 9 Prelude to Chapter 11 Lhaptersi2&is
Chapter 3 ¢ o P
Problem +RQs RQ1 |,|  Chapterg Chapter 11 t:htea@ed
iscussion,
Fragmentation Systematic review RQ3 RQ4 conclusion, and
identified identifies key Chapter & loTMindCare Expert future work
limitations and Prelude to Chapter 7 integration refinement
requirements
Chapter 7 —
RQ2
Engagement
design

Fig. 1.2 Overall research pathway and contribution of the thesis.

As shown in Figure 1.2, the thesis progresses from problem formulation and evidence
synthesis to design exploration, architectural integration, and expert-informed refinement.
This structure reinforces the position that loTMindCare is not assumed at the outset, but
emerges as the integrated architectural outcome of the research questions and publication-

based studies.

1.3 Research Design and Methodological Overview

This thesis adopts a thesis-by-publication format and is guided by a Design Science Research
methodology [22]. Design Science Research is appropriate for information systems and
engineering research in which the purpose is to develop and evaluate artefacts that address
identified problems [22, 23]. In this thesis, the artefact is an architecture-level contribution:
the development and refinement of an integrative reference architecture for safe, personalised,

and context-aware loT-enabled depression monitoring and management.
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In this thesis, architecture-level evaluation refers to the assessment of the proposed
reference architecture through architectural modelling, quality attribute scenarios, ATAM-
informed trade-off analysis, comparison with existing architectures, and expert-informed
refinement. These methods provide evidence of architectural coherence, requirements
coverage, design rationale, and perceived technical and clinical relevance. Algorithmic
evaluation is limited to the specific data-driven studies presented in Chapters 5 and 7.
IoTMindCare is presented as an evidence-informed and expert-refined reference architecture
intended to guide future implementation and validation (Chapters 9 and 11).

Design Science Research is suitable for this thesis because it addresses how fragmented
technical, human, contextual, safety, and clinical requirements can be organised into a
coherent architecture for future IoT-enabled depression management systems. Therefore,
the research follows a design-oriented pathway in which the problem is investigated, design
requirements are identified, specific design dimensions are explored, an architectural artefact
is developed, and the resulting architecture is refined through expert-informed refinement.

The research begins with a systematic review of loT-based approaches for depression
and emotional well-being. This stage addresses RQ1 by establishing the state of the field
and identifying limitations and design requirements in existing loT-based approaches. In
particular, the review examines limitations across sensing approaches, analytics, user engage-
ment, privacy, security, interoperability, system integration, and practical implementation
considerations. It provides the evidence base for the thesis by showing that existing work is
fragmented and that an architecture-level response is needed.

The thesis then examines contextual sensing through a data-driven IoT-based approach
that integrates environmental data into mental health monitoring. This stage contributes to
RQ?2 by exploring how contextual data can inform more personalised and meaningful inter-
pretation of mental health-related patterns. The study focuses on environmental conditions,
particularly temperature and humidity, as contextual variables that may influence or help
interpret behaviour and well-being. The purpose is not to claim that environmental data alone
can diagnose depression, but to examine how environmental context can be incorporated into
IoT-enabled monitoring and personalised interpretation.

The next stage examines engagement and self-management through a gamified Al-driven
system for depression monitoring and management. This stage also contributes to RQ2
by exploring how user interaction and engagement-oriented design can inform IloT-enabled
depression monitoring and management. The study considers how micro-games, adaptive
surveys, sensor data, personalised feedback, and Al analytics may support user interaction,

reflection, and self-awareness. It does not claim to solve the problem of sustained engagement
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empirically; rather, it treats engagement as a design requirement that should be considered
within future IoT-enabled depression management systems.

Building on the systematic review, contextual sensing study, and engagement-oriented
system design, the thesis then develops loTMindCare as an integrative reference architecture.
This stage addresses RQ3 by organising safety, personalisation, stakeholder interaction,
and governance within a coherent architecture for loT-enabled depression monitoring and
management. The architecture brings together multimodal sensing, hybrid edge-cloud
processing, personalised analytics, anomaly detection, feedback mechanisms, stakeholder-
centred design, and safety considerations. This stage shifts the thesis from individual design
dimensions to an integrated architectural outcome.

Finally, the thesis refines loTMindCare through an expert-informed evaluation that in-
tegrates technical and clinical perspectives. This stage addresses RQ4 by examining how
expert feedback can inform the refinement of the resulting architecture and indicate its
architectural plausibility, perceived usefulness, technical relevance, and perceived clinical
relevance. The evaluation considers issues such as personalisation, alert governance, clinical
workflow relevance, interoperability, privacy, and practical implementation considerations.
The expert-informed study refines the architecture by addressing technical feasibility consid-
erations, perceived clinical relevance, and practical implementation requirements, providing
a more informed foundation for future empirical evaluation. As this stage involved expert
participants, the related ethics approval, participant information sheet, questionnaire, and
participant feedback reports are provided in Appendices A, B, C, and D, respectively.

Overall, the methodological pathway can be summarised as follows:

Problem investigation and requirements identification (RQ1) — design explo-
ration through contextual sensing and engagement-oriented design (RQ2) —
architecture artefact construction (RQ3) — expert-informed evaluation and
refinement (RQ4).

This pathway allows the thesis to build a coherent contribution while recognising the
complexity of depression management and the need for both technical and clinically informed
design. This combination of methods is appropriate because the research problem is both
technical and socio-clinical. A systematic review was needed to establish the evidence base
and identify gaps. Data-driven and gamified system studies were needed to explore specific
design requirements related to context and engagement. Architecture development was
needed to integrate these requirements into a coherent system structure. An expert-informed
evaluation was needed to obtain professional judgements on the architecture’s perceived
technical feasibility, clinical relevance, and implementation requirements. Together, these
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methods support the development and refinement of a reference architecture that is evidence-
informed, design-oriented, clinically cautious, and intended to inform future implementation,

evaluation, and validation.

1.4 Contributions and Significance

The main contribution of this thesis is the development and refinement of JoTMindCare as
an integrative reference architecture for safe, personalised, and context-aware loT-based
depression monitoring and management. The thesis responds to a fragmented research field
in which many existing approaches focus on isolated sensing, prediction, or prototype-level
functionality, while giving less attention to how these components should be integrated,
interpreted, personalised, governed, and evaluated within a coherent architecture.

The thesis makes five interrelated contributions to the design of safe, personalised,

context-aware, and architecture-centred IoT-based depression management:

1. The thesis provides a system-level understanding of the limitations of current IoT-based
systems for depression and emotional well-being [20]. Rather than treating the field
as a collection of separate technologies, the thesis identifies fragmentation across
sensing, analytics, engagement, privacy, interoperability, system integration, safety,
and personalisation. This contribution establishes the need for an architecture-level

response that can organise these concerns into a coherent framework.

2. The thesis contributes a context-aware interpretation perspective for IoT-based depres-
sion monitoring. It shows that mental health-related data should not be interpreted in
1solation, but in relation to the user’s environment, behaviour, routine, and situation.
By incorporating environmental variables such as temperature and humidity into the
monitoring process, the thesis strengthens the argument that contextual information is
necessary for more meaningful and personalised interpretation of depression-related
patterns [24].

3. The thesis contributes an engagement-oriented perspective on IoT-based depression
management. It argues that passive monitoring alone may be insufficient for mean-
ingful depression support because user participation, reflection, feedback, and self-
management are important design considerations. Through the exploration of gami-
fied AI-IoT mechanisms, the thesis examines how user interaction, adaptive surveys,
micro-games, and personalised feedback can inform the design of more engaging and

participatory depression management systems [25].
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4. The thesis contributes loTMindCare as an integrative reference architecture that brings
together the technical, human, contextual, safety, and personalisation requirements of
IoT-based depression monitoring and management [26]. The architecture organises
multimodal sensing, communication, edge-cloud processing, anomaly detection and
safety considerations, personalised analytics, feedback mechanisms, stakeholder roles,
and interoperability into a coherent framework. This contribution moves the research
beyond individual system components and provides architectural guidance for future
IoT-enabled depression management systems.

5. The thesis contributes an expert-informed refinement of loTMindCare, strengthen-
ing the consideration of technical feasibility, safety requirements, perceived clinical
relevance, and practical implementation constraints within the proposed design. By
integrating technical and clinical perspectives, the thesis identifies and addresses key
concerns across calibration, alert governance, workflow relevance, privacy, interoper-
ability, clinical oversight, and future implementation considerations. This contribution
is important because IoT-based depression management systems must not only be
technically feasible but also safe, interpretable, acceptable, and aligned with clinical

and practical settings.

The significance of the thesis lies in its shift from technology-centred monitoring toward
architecture-centred depression management. Rather than presenting IoT-based depression
monitoring as a purely predictive task, the thesis demonstrates that safe and meaningful
depression management requires contextual interpretation, personalised calibration, user
engagement, human-in-the-loop oversight, alert governance, privacy-aware design, interoper-
ability, and implementation-informed system organisation. Therefore, loTMindCare provides
a foundation that future researchers and developers may use to guide prototyping, simula-
tion, digital twin modelling, pilot studies, longitudinal evaluation, and clinical validation of
IoT-enabled systems for depression monitoring and management.

This thesis’s significance is in providing a coherent architectural foundation through
which future systems can be designed, implemented, evaluated, and refined in a safer
and more personalised manner. In doing so, the thesis contributes to the broader field of
digital mental health by showing how IoT-based depression management can move beyond
fragmented prototypes toward more integrated, responsible, and architecture-guided system
design.
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1.5 Included Publications and Their Role in the Thesis

This thesis includes five publications or manuscripts that together form a coherent research
programme. Although each publication addresses a specific research problem, their combined
contribution is the development and refinement of loTMindCare. The publications should be

read not as separate studies, but as connected stages in a progressive design pathway.

1. Zamani, S., Sinha, R., Nguyen, M., & Madanian, S. (2025). Enhancing emotional
well-being with IoT data solutions for depression: A systematic review. IEEE
Journal of Biomedical and Health Informatics, 29(3), 1919-1930.

This publication provides the evidence base for the thesis. It identifies the current capa-
bilities and limitations of loT-based systems for depression and emotional well-being
and motivates the need for a more integrated, personalised, secure, and architecture-
level approach [20].

2. Zamani, S., Nguyen, M., & Sinha, R. (2025). Integrating environmental data for
mental health monitoring: A data-driven IoT-based approach. Applied Sciences,
15(2),912.

This publication examines environmental context as an underdeveloped dimension of
IoT-based mental health monitoring. It contributes to the thesis by demonstrating how

environmental data can be integrated into monitoring and interpretation processes [24].

3. Zamani, S., Rostami, A., Nguyen, M., Sinha, R., & Madanian, S. (2025). A
gamified Al-driven system for depression monitoring and management. Applied
Sciences, 15(13), 7088.

This publication examines engagement and self-management through a gamified Al-
IoT system. It contributes to the thesis by addressing the need for user interaction,
adaptive feedback, and sustained participation in the context of depression monitoring

and management [25].

4. Zamani, S., Sinha, R., Madanian, S., & Nguyen, M. (2025). IoTMindCare: An
integrative reference architecture for safe and personalized IoT-based depression
management. Sensors, 25(22), 6994.

This publication forms the architectural core of the thesis. It integrates insights from the
previous stages into loTMindCare, a reference architecture that combines multimodal
sensing, edge-cloud processing, personalised analytics, anomaly detection, feedback,

safety considerations, and stakeholder-centred design [26].
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5. Zamani, S., Sinha, R., Madanian, S., & Nguyen, M. An expert-informed architec-
ture for deployment-oriented IoT-based depression management. Submitted to
Journal of Healthcare Informatics Research.

This manuscript provides the final refinement stage of the thesis. It incorporates
technical and clinical expert perspectives to refine loTMindCare with stronger attention
to feasibility, calibration, alert governance, clinical workflow relevance, safety, privacy,

interoperability, and future implementation considerations.

The relationship among the publications is shown in Table 1.1, which summarises their
respective contributions, supporting evidence, and implementation boundaries. The first pub-
lication identifies the literature-derived gaps and design requirements (RQ1); the second and
third explore contextual sensing and engagement-oriented design (RQ?2); the fourth integrates
these insights with the broader literature-derived requirements into loTMindCare reference
architecture (RQ3); and the fifth refines the architecture through technical and clinical expert
feedback (RQ4). The table also distinguishes between literature synthesis, experimental
and simulation-based evaluation, architectural design and analysis, and expert-informed

refinement. These contributions collectively establish the foundation for [oTMindCare.

1.6 Organisation of the Thesis

This thesis is organised as a thesis by publication. Because the thesis includes published and
manuscript-based chapters, prelude chapters are included to connect the publications into a
unified doctoral argument. These preludes explain why each publication is included, how
it relates to the central research question, how it connects to the preceding and following
chapters, and how it contributes to the development and refinement of loTMindCare.

Chapter 1 introduces the background of the thesis, the problem statement, the research
questions, the methodological overview, the contributions, and the structure.

Chapter 2 provides a prelude to Chapter 3, which is a systematic review of loT-based sys-
tems for depression and emotional well-being. This chapter identifies current capabilities and
limitations in sensing, analytics, engagement, privacy, security, interoperability, and system
integration, and establishes the need for a more coherent architecture-level response [20].

Chapter 4 provides a prelude to the environmental monitoring study presented in Chap-
ter 5, which discusses a data-driven, loT-based approach to environmental monitoring. This
chapter examines temperature and humidity as contextual variables and demonstrates how
environmental data can be incorporated into loT-based mental health monitoring and inter-

pretation [24].
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Table 1.1 Research contributions, evidence, and implementation boundaries across the thesis.

Thesis stage

Chapter/
Publication

Main contribution and output

Evidence and imple-
mentation boundaries

Evidence
base (RQI)

Chapter 3 [20]

Identifies fragmentation and gaps in
sensing, analytics, personalisation,
safety, engagement, interoperability,
and system integration. Provides
literature-derived requirements for
subsequent design stages.

Literature-based evi-

dence.

Contextual
sensing

(RQ2)

Chapter 5 [24]

Investigates temperature and humid-
ity data processing and classification
as potential contextual inputs for IoT-
based mental health monitoring.

Machine learning evalu-
ation using environmen-
tal data and predefined
stress-related proxy la-
bels.

Engagement
and self-
management

(RQ2)

Chapter 7 [25]

Develops a gamified research pro-
totype and explores adaptive self-
reporting, behavioural indicators, and
feedback through simulation-based
evaluation.

Prototype development
and synthetic-data evalu-
ation.

Architecture
development

(RQ3)

Chapter 9 [26]

Proposes the initial [oTMindCare ref-
erence architecture, integrating multi-
modal sensing, edge-cloud process-
ing, personalisation, safety mecha-
nisms, feedback, and stakeholder in-
terfaces.

Architecture ViEWS,
quality-attribute scenar-
10s, and ATAM-informed
trade-off analysis.

Expert-
informed
refinement

(RQ4)

Chapter 11

Refines [oTMindCare using technical
and clinical perspectives, introducing
an explicit analytics and calibration
layer and a hybrid edge-cloud process-
ing view.

Questionnaire-based
evaluation involving 22
experts; supports expert-
informed refinement.

Chapter 6 provides a prelude to Chapter 7, which presents the gamified Al-driven

system for depression monitoring and management. This chapter explores how micro-games,

adaptive surveys, sensor data, personalised feedback, and Al analytics can support user

engagement and self-awareness in depression monitoring and management [25].

Chapter 8 provides a prelude to the loTMindCare reference architecture presented in

Chapter 9, which serves as an integrative reference architecture for safe, personalised, and

context-aware IoT-based depression monitoring and management. This chapter forms the

architectural core of the thesis by organising multimodal sensing, edge-cloud processing,

personalised analytics, anomaly detection, feedback mechanisms, safety considerations, and

stakeholder roles into a coherent framework [26].
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Chapter 10 provides a prelude to the expert-informed refinement study. Chapter 11
presents the expert-informed refinement of loTMindCare. This chapter incorporates techni-
cal and clinical expert perspectives to strengthen the architecture in relation to feasibility,
safety, calibration, alert governance, workflow relevance, interoperability, privacy, and future
implementation considerations.

Chapter 12 provides an integrated discussion across the thesis. Rather than repeating
the individual publications, it synthesises the findings around the major thesis-level themes:
architecture-level integration, contextual interpretation, safety, personalisation, engagement,
human oversight, alert governance, interoperability, and future adaptability.

Chapter 13 concludes the thesis by summarising the main contributions, acknowledging
limitations, and outlining future research directions, including implementation, simulation,
digital twin modelling, pilot studies, longitudinal evaluation, clinical validation, and further
investigation of privacy, governance, and interoperability requirements.

The appendices provide supporting documentation for the human-participant component
of the research. Appendix A contains the ethics approval documentation, Appendix B
contains the participant information sheet, Appendix C contains the questionnaire used in
the expert-informed evaluation, and Appendix D contains the feedback reports provided to

participants following the questionnaire.

1.7 Chapter Conclusion

This chapter introduced the background, motivation, problem formulation, research ques-
tions, methodological overview, contributions, and thesis structure. It argued that IoT-based
depression monitoring and management require more than isolated sensing, prediction, or
prototype development. The central problem addressed by the thesis is the fragmentation of
existing work and the lack of a coherent architecture-level foundation for integrating sens-
ing, contextual interpretation, safety, personalisation, engagement, stakeholder interaction,
interoperability, and governance.

In response to these gaps, this thesis develops and refines loTMindCare as an integrative
reference architecture rather than as a deployed or clinically validated intervention. The next
chapter provides the prelude to the systematic review, establishing the evidence base and

identifying the key gaps addressed throughout the thesis.



Chapter 2

Prelude to the Systematic Literature
Review

2.1 Introduction

This chapter introduces the first major research stage of the thesis: a systematic literature
review of loT-based data solutions for emotional well-being and depression. The purpose of
this prelude is to position the review within the overall thesis and explain why it is necessary
before progressing to the later empirical, design-oriented, and architecture-focused chapters.

As discussed in Chapter 1, depression is a complex and contextual mental health condi-
tion. Supporting individuals with depression requires more than isolated symptom detection
or occasional clinical assessment. It requires continuous, personalised, and context-aware
approaches that can collect meaningful data, interpret changes over time, support user engage-
ment, and address safety, privacy, and practical implementation concerns. IoT technologies
offer significant opportunities in this area by enabling the collection of real-time data from
wearable devices, mobile phones, smart-home sensors, and user-facing applications. How-
ever, the existing research remains fragmented across different technologies, data types,
analytical methods, and intervention goals.

For this reason, the thesis begins with a systematic literature review. The review presented
in Chapter 3 examines how [oT has been used to collect and analyse data for emotional
well-being and depression. It focuses on data collection methods, data analysis techniques,
emotion detection and monitoring, therapeutic approaches, depression prediction, depression
detection, and depression management. In doing so, it establishes the current state of the

field and identifies the gaps that motivate the remaining chapters of the thesis.
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2.2 Role of the Review in the Thesis

The systematic literature review plays a foundational role in shaping the direction of the

thesis. The main contributions of the literature review are:

1. Clarifying what kinds of IoT-based solutions already exist for emotional well-being

and depression.

2. Identifying the types of data commonly used in these systems, including physiological,

behavioural, self-reported, and environmental data.
3. Examining how analytical methods have been applied to interpret these data.

More importantly, the review reveals that many existing studies focus on specific compo-
nents of the problem, such as emotion recognition, depression prediction, wearable sensing,
mobile applications, or smart-home monitoring. While these contributions are valuable, they
often remain disconnected from one another. Fewer studies provide an integrated approach
that brings together sensing, analytics, personalisation, user engagement, safety mechanisms,
privacy, interoperability, and practical depression management.

This gap is central to the motivation of this thesis. This research aims to develop a
more integrated loT-based approach for depression monitoring and management. Therefore,
the systematic review provides the evidence base for the need for an architecture-level

contribution.

2.3 Post-review Literature Update

The systematic literature review presented in Chapter 3 was last updated on 15 May 2024.
Since then, further studies have been published on IoT-based mental health monitoring,
passive smartphone and wearable sensing, multimodal data analysis, and Al-supported
depression detection and monitoring. To ensure that the thesis remains current, a targeted
post-review literature update was conducted for studies published after the original review
cut-off date.

This update used the same conceptual scope as the original review, focusing on 10T,
sensor-based behavioural and physiological monitoring, wearable and smartphone sensing,
contextual or environmental sensing, data collection, data analysis, depression, and emotional
well-being. Broad literature searches, particularly in Google Scholar, returned more than
1000 records after the original review cut-off date. However, many of these records were

outside the specific scope of this thesis, duplicated earlier themes, focused on general digital
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mental health without loT-based sensing, or addressed mental health conditions without a
clear depression or emotional well-being focus. After narrowing the results to studies directly
relevant to IoT-based or sensor-supported depression and emotional well-being monitoring,
13 recent studies were identified as highly relevant. Because this update was conducted
as a targeted post-publication scan rather than a full database-native PRISMA rerun, the
results are used here to confirm the currency of the thesis direction rather than to replace the
systematic review in Chapter 3.

Table 2.1 summarises the main directions identified across these 13 directly relevant
post-cut-off studies and shows how they relate to the gaps identified in the original systematic

review.

Table 2.1 Summary of post-review literature developments identified from 13 directly relevant
studies published after 15 May 2024

Recent development

Main observation in recent studies

Relevance to this thesis

Smartphone and wear-
able sensing

Recent studies continue to use activity,
step count, heart rate, sleep, phone us-
age, location, and speech or language
data for depression-related monitor-
ing [27, 15, 28].

Confirms the continued im-
portance of sensor-based be-
havioural and physiological
monitoring.

Multimodal and longi-
tudinal data

Newer studies increasingly combine
smartphone, wearable, physiological,
behavioural, and self-reported data
over time [29-33].

Supports the thesis argument
that depression monitoring re-
quires integrated and longitu-
dinal data rather than isolated
measures.

Al-supported analysis

Machine learning and Al remain dom-
inant for depression screening, symp-
tom monitoring, and prediction [34, 35,
27].

Reinforces the need to con-
nect data analysis with safe,
explainable, and clinically in-
formed system design.

Contextual and envi-
ronmental sensing

Environmental variables such as tem-
perature, humidity, weather, and ambi-
ent conditions are beginning to appear,
but remain less developed than physio-
logical and behavioural data [24].

Supports the contribution of
the contextual sensing chapter
and the need to integrate en-
vironmental context into IoT-
based depression monitoring.

Management and in-
tervention support

Most studies still focus on detection,
prediction, or monitoring rather than
active long-term depression manage-
ment [25, 26].

Justifies the thesis focus on
user engagement, personalisa-
tion, adaptive feedback, and
architecture-level integration.

Privacy, interoperabil-
ity, and deployment

Recent studies continue to report con-
cerns about sensitive data, consent,
anonymisation, validation, interoper-
ability, and clinical deployment [15,
31].

Strengthens the need for an
integrated reference architec-
ture that addresses technical,
ethical, and practical require-
ments.
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The newer literature largely reinforces the original systematic review’s findings. The
targeted post-review update identified 13 recent studies that were directly relevant to the
scope of this thesis. These studies indicate continuing research interest in loT-based and
sensor-supported approaches to depression and emotional well-being, while remaining
focused enough to be discussed as a post-review update rather than a second systematic
review. As shown in Table 2.1, recent studies continue to show strong interest in smartphone
and wearable sensing for monitoring depression and emotional well-being. Commonly
used data sources include accelerometer-derived activity, step count, heart rate, sleep, app
usage, call behaviour, location or mobility features, ecological momentary assessment, and
speech or language data. Recent reviews also confirm that Al and machine learning remain
dominant analytical approaches, particularly for depression screening, symptom monitoring,
and sensor-based behavioural and physiological monitoring [27, 15, 28, 34, 35].

A noticeable development since the original review is the growing emphasis on longitu-
dinal and multimodal sensing. Newer studies increasingly combine smartphone, wearable,
behavioural, physiological, and self-reported data to track depression severity, identify mark-
ers of treatment response, or model individual variation over time [29-33]. This strengthens
the argument that passive and multimodal sensing can provide useful signals for depression-
related monitoring. However, the evidence also remains methodologically uneven. Many
studies still report small or moderate sample sizes, short monitoring periods, limited external
validation, heterogeneous feature sets, and limited clinical deployment.

Importantly, the update confirms that several gaps identified in the original review remain

open:

1. While multimodal sensing is becoming more common, there is still limited agreement

on clinically generalisable features, validation protocols, and deployment standards.

2. Environmental and contextual sensing remains comparatively underdeveloped. Al-
though recent work has begun to examine variables such as temperature, humidity,
weather, and ambient conditions, these factors are still not routinely integrated into

IoT-based depression monitoring systems [24].

3. The literature continues to focus more heavily on detection, prediction, and monitoring
than on active long-term depression management. Only a small number of recent
studies address personalised intervention, adaptive feedback, user engagement, or
architecture-level integration [25, 26].

Privacy, security, interoperability, and design-oriented implementation considerations also

remain important limitations in the recent literature. Studies using richer data streams, such
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as speech, location, and behavioural traces, highlight the continuing difficulty of balancing
data utility with re-identification risk, user consent, anonymisation, and responsible data
sharing [15, 31]. These concerns are particularly important in depression-related systems
because the data collected are sensitive and may influence clinical decision-making, self-
management, or caregiver involvement.

Overall, the post-review literature update supports the continued relevance of the original
systematic review and strengthens the motivation for this thesis. The field has progressed
toward more longitudinal, multimodal, and Al-supported sensing, but it remains fragmented
across devices, datasets, algorithms, and intervention strategies. Environmental/contextual
data, active depression management, privacy-aware implementation, interoperability, and
architecture-level integration remain insufficiently developed. These findings further justify
the need for the subsequent chapters of this thesis, which examine contextual sensing, user
engagement, and the development of loTMindCare as an integrated reference architecture

for safe and personalised loT-based depression monitoring and management.

2.4 Connection to the Following Chapters

The findings of the systematic review directly inform the later stages of the thesis. The
review shows that environmental and contextual data are relevant to emotional well-being
and depression, but they are not yet sufficiently integrated into loT-based mental health
systems. This motivates the following research stage, which examines contextual sensing
through environmental variables such as temperature and humidity.

The review also highlights the need for more active and engaging systems. Many [oT-
based approaches rely heavily on passive sensing or detection, but depression management
also requires user interaction, feedback, and support for self-management. This motivates
the later study on a gamified Al-driven system for depression monitoring and management.

Finally, the review identifies broader challenges related to privacy, security, interoper-
ability, personalisation, data quality, and practical implementation. These issues inform
the development of the loTMindCare architecture, which aims to integrate the technical,
contextual, ethical, and practical requirements of loT-based depression management into a
coherent reference architecture. In this way, the systematic literature review provides the
foundation for the remaining chapters of the thesis, which progressively address contextual

sensing, user engagement, architecture-level integration, and expert-informed refinement.



Chapter 3

Enhancing Emotional Well-Being With
IoT Data Solutions for Depression: A
Systematic Review

3.1 Abstract

Effectively caring for adults with depression is challenging. While technology offers potential
improvements in emotional well-being through better monitoring, standardised methods to
gather and analyse relevant data are highly fragmented. This Systematic Literature Review
(SLR) explores using Internet of Things (IoT) based data collection and analysis to enhance
emotional well-being and manage depression effectively. Following the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA) framework, we report in-depth
findings from 42 studies, which were selected from an initial set of 559 published works.
We find that current literature extensively covers important topics like IoT for detecting,
analysing, and monitoring emotions, therapeutic interventions for emotional well-being,
and predicting, detecting, and managing depression. IoT-based data collection and analysis
solutions predominantly employ sensors and Al respectively. The literature review identifies
a gap in prioritising active systems that engage users, highlighting the need to address key
aspects such as privacy and security.

Publication Note

This chapter is based on the published article:
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Zamani, S., Sinha, R., Nguyen, M., & Madanian, S. (2025). Enhancing emotional
well-being with loT data solutions for depression: A systematic review. IEEE Journal of
Biomedical and Health Informatics, 29(3), 1919-1930.

The published article is available online via DOI: 10.1109/JBHI.2024.3501254.

The remainder of this chapter is based on the published article, with minor formatting

adjustments made to align it with the structure and argument of this thesis.

3.2 Introduction

Depressive disorder or depression is a widespread mental health issue that arises from a
multifaceted interplay of social, psychological, and biological elements [4]. Recently, due to
increasing stress levels, lifestyle changes and disruptions like COVID-19, the incidence of
depression has increased dramatically [S]. Monitoring and supporting adults with depression
requires finding scalable, efficient and effective solutions.

Recent advances in technology, like the proliferation of the I0oT, have the potential to
address mental health issues, including depression [36]. IoT provides several benefits over
traditional approaches like clinic-based care or over-the-phone remote care. These benefits
include scalability, cost-effectiveness, and personalisation. IoT-based solutions can capture
relevant patient information in real-time with minimal effort, improving both the quality and
quantity of data to support patients.

Managing depression requires collecting and analysing relevant data, which may differ
from other mental health disorders. This article specifically focuses on IoT solutions for
depression and emotional well-being. Despite significant developments in the use of 10T for
supporting emotional well-being and depression, there is no current secondary study that
comprehensively covers the area of data collection and analysis for supporting emotional
well-being and depression. Table 3.1 lists past surveys relevant to this subject, highlighting
this gap in the literature, which we aim to address through a systematic literature review
(SLR). While concerns like privacy and security are critical, our SLR is scoped to focus only
on data collection and analysis for emotion detection, monitoring and analysis techniques,
therapeutic approaches, and methods for predicting, detecting and managing depression.

We explore our primary research question: “In what ways is loT being used to collect and
analyse data to improve and monitor the emotional well-being of adults with depression?"
This SLR offers valuable insight for both technology developers and healthcare providers
interested in leveraging existing IoT solutions in this application area.

We follow the SLR methodology [49] described in Section 11.4. Sections 3.4 and 3.5

present the data collection and analysis methods we reviewed, respectively. In Section 3.6,
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Table 3.1 Comparison of the coverage of our research with existing surveys

Data Data Emotional Depression | Scope of Review
Collection| Analysis | Well-being
m B v | 3 w| 8 3 g < m
2513|2558 < 252 Es
MR EIEIEEEER]
Source | 2| 81 8|25 S| &S < E| 2 8 &
@ P -
[37] VIiVIV|V V|V a4 Comparing traditional methods with emerging technology to improve
mental health.
[38] v VIivIiv v Va4 Autonomous mental health monitoring, with real-time analysis, and data
integration.
[39] v v Textual emotion detection, focusing on NLP, ML, and ethical considera-
tions.
[40] v a4 v V|V Physiological emotion recognition using real-life data from wearables.
[41] v V|V IoT-based telemedicine for enhancing disease prevention and health
promotion.
[42] a4 v a4 Sensor usage in e-health and m-health for diagnosing mental health
issues.
[43] a4 v v Real-time mental health detection and analytics using [IoMT and social
media data.
[44] Va4 v v V|V Smartphone-based technologies for mental health, focusing on COVID-
19 impacts.
[45] V|V v v Intelligent positive computing with IoT devices, for improving well-
being.
[46] v v v v IoT technology for patient monitoring and data analysis, with Al and
cloud computing.
[47] v v v v Routing protocols in IoT-based wireless sensor networks for healthcare.
[48] v v v a4 Using multimodal data fusion in predictive, preventive, and personalised
healthcare.
Our VIVIVIVIVIVIVY V|V v' | Data collection and analysis methods
review for emotional well-being and depression.
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we discuss approaches to promoting emotional well-being, including strategies, interventions,
and frameworks. Section 3.7 focuses specifically on depression, exploring interventions
and methodologies to address this complex mental health condition. Section 11.6 offers
a comprehensive discussion synthesising key findings, identifying patterns, and drawing
connections. Section 11.7 concludes with a summary of our main insights, implications, and
future works.

3.3 Systematic Literature Review Methodology

Our SLR adheres to the PRISMA guidelines [50], encompassing initial planning, systematic
search and retrieval of the literature, rigorous screening and selection, meticulous data
extraction, detailed quality assessment, comprehensive data synthesis and analysis, followed

by report writing.

3.3.1 Planning, Search, and Retrieval

We combined the keywords relating to our primary research question into the following
search string:

("IoT" OR "Internet of Things") AND ("emotional well-being" OR "emotional
wellbeing" OR "emotional well being") AND "depression" AND ("data collec-
tion" OR "data analysis") AND ("effectiveness” OR "effective”)

This search string was applied to both titles and abstracts of the papers available in the
following databases: IEEEXplore, Science Direct, Scopus, Springer, AIS eLibrary, ACM
Digital Library, and EBSCO. The annual distribution of our search results is illustrated in
Figure 3.1. A significant rise in the number of studies since 2015 informed our decision to
limit our search to literature published between 2015 and 2024. However, we also considered
seminal works outside this date range, where required, through snowballing from our initial
search results.

3.3.2 Screening and Selection

To organise and manage search records and references efficiently, we employed Excel and
Mendeley. The studies were last organised on 2024-05-15. A set of 559 studies were initially
exported as text files and Microsoft Excel spreadsheets, sorted by titles, authors, years,

sources, and keywords.
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Fig. 3.1 Publications per year for the provided search string

The initial screening involved reviewing titles and keywords to determine their relevance
to our study’s scope, reducing the number to 169 potentially relevant studies. The subsequent
stage entailed a more detailed review of the studies’ abstracts, categorising them according to
the title, problem statement, solution, study aims, and reasons for inclusion or exclusion. The
status field was labelled as YES (accepted for further review), MAYBE (possibly accepted for
further study), and NO (rejected for further study based on our criteria). This process further
refined the selection to 90 studies. Table 3.2 provides our overall inclusion and exclusion
criteria.

Table 3.2 Inclusion and exclusion criteria

Criteria Inclusion

Date Publications between 2015-2024

Language Studies written in English

Topic Studies covered IoT, emotional well-being, and depression
Accessibility | Studies with full-text availability

Peer Review | Peer-reviewed articles

In the final analysis, we excluded any work not aligning with our research questions by
meticulously reading each study’s introduction and conclusion. This rigorous process led to
a concentrated group of 42 research articles addressing our research questions directly. This
overall process followed to identify the final set of studies is illustrated in Fig. 3.2.
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Identification of studies via databases

S Records removed before
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5 Databases (n = 559) Duplicate records removed
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Fig. 3.2 Systematic Literature Review (SLR) process

3.3.3 Data Extraction and Analysis

The critical aspects of our primary research question were explored through the following sub-
questions to systematically analyse the selected works and present our findings in subsequent
sections: (1) What data collection methods are being used?; (2) What data analysis methods
are being used?; (3) What emotion detection, monitoring, and/or analysis do the studies
cover?; (4) What therapeutic approaches for emotional well-being are being used, if any?;
(5) What techniques for predicting and detecting depression are being used?; (6) What

strategies for managing depression are presented?
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3.4 Data Collection Methods

Patient data pertaining to depression and emotional well-being encompasses a broad spec-
trum of physical and mental measurements, such as personal details, medical history, and
brain imaging, as noted in the literature [51]. The literature identifies three data collection
categories: sensor-based, user-centred, and dataset-based. Figure 3.3 shows the distribution
of studies across these categories. Wearable technologies and IoT are the most popular,

followed by using questionnaires and mobile phone sensors.

Wearable Sensors

loT Sensors

Mobile Sensors

Other Sensors

Questionnaires and Surveys

Data Collection Methods

Mobile App User Data

Datasets

O .

2 4 6 8 10 12
The Number of Research Works

Fig. 3.3 Number of data collection methods (blue: sensor-based methods, orange: user-
centric methods, green: datasets)

3.4.1 Sensor-based Data Collection

Sensor-based data collection offers several advantages. Sensors can continuously gather data
non-intrusively [52] from mobile applications, multi-modal physical devices, as well as text,
speech, images and videos [37]. Cost, size and intrusiveness are key factors in selecting
sensors [47], and these often pose barriers to making consistent care available to larger
community groups. Wearable, [oT, and mobile phone sensors are the most popular types

identified in the literature.
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Wearables

Wearables, like smartwatches and bracelets, can gather accurate and real-time quantitative
data that can improve physical health and promote positive habits [40]. Direct access
to personal analytics and data can be instrumental in self-management and facilitating
preventative care [53]. Wearables can effectively capture data on physical activity, sleep
cycles, and other health-related parameters [54]. Table 3.3 catalogues studies that utilise

wearables for data collection.

Table 3.3 Data collection via wearables, categorised by type of data, wearable type, and
purpose of data collection

Data Source | Wearable Type Purpose
[55] Wearable gadgets Discern emotions
[53] Commercial wearables | Remote health monitoring
Physiological [56] Wearable sensors Monitoring depression level
[57] Smartwatch Consistently monitor users
[58] Wearable sensors Detect anxiety by emotions
[59] Wearable devices Monitoring indicators
Behavioural [60] multisensor wearable | Unobtrusive data collection
[61] IoT-based wearable Monitor the suicidal ideation
Activity [62] Noninvasive [oT Remote data monitoring
[63] Wrist and chest-worn | Mental stress state detection

Smart watches are the most used wearable in the literature and can capture heart rate,
physical exertion, and sleep patterns [55, 53, 59]. More bespoke wearables like skin sweat
sensors provide physiological data related to emotional states [42]; multi-sensor-integrated

wearables offer even more complex data collection [60] but cost more and less ubiquitous.

IoT Sensors

IoT sensors integrated within smart homes facilitate tracking daily routines, behaviours, and
contextual factors relevant to mental health [46]. Motion sensors can monitor activity levels,
potentially indicating changes such as a decline in motivation or social interaction, symptoms
often associated with depression [64]. Table 3.4 lists the studies that use [oT sensors.

The Internet of Medical Things (IoMT) extends IoT and emphasises the critical role of
information exchange [72]. IoMT sensors can enhance healthcare through a high degree
of customisation in patient care [73]. Chen et al. [65] utilised IoMT sensors for collecting
text, audio, and visual inputs to detect depression. [oMT helps professionals better address
depression and improve emotional well-being by analysing physiological indicators. For

example, the activation of the Sympathetic Nervous System during stress increases heart rate,
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Table 3.4 Data collection by IoT sensors, categorised by type of data, sensor type, and
purpose of data collection

Data Source | IoT Sensor Purpose
Images [65] IoMT sensors Depression detection
[66] Smart home sensors | Analysing facial expressions
Activity [67] PIR sensors Track and monitor elderlies’ daily behaviour
[68] Embedded sensors | Identify sociability patterns
Physiological [69] EmoGo IoT device | Monitor and categqrisc? emotions
[70] WBAN sensors Mental health monitoring
[71] IoT sensors Integrate connected sensors

respiration rate, and sweat secretion, impacting various physiological systems to respond to
challenges [40]. A decrease in Heart Rate Variability indicates a disruption in the Autonomic
Nervous System balance, which is associated with the inability to manage stressors linked
to depression [74]. Such complex physiological phenomena can be captured effectively by
IoMT sensors [69-71].

Environmental factors can also significantly affect mental health. Indoor conditions can
be tracked using sensors embedded in objects, like smart beds and chairs [38]. Several
works integrate loT-based home and environmental data to enhance depression management
[67, 69]. Temperature is a significant environmental variable. Some studies show that

extremely hot or cold temperatures may adversely impact mental health [75].

Mobile Phone Sensors

Smartphones are widely available and equipped with an array of sensors capable of collecting
real-time data for personalised, responsive and high-quality healthcare. Accelerometer data
from phones can be used to identify critical information like physical activity patterns, sleep
quality, falls, and voice characteristics [59]. Other phone sensors like GPS and motion

sensors have also been used to monitor depression [44].

Other Sensors

Some specific data can only be collected by bespoke sensors, such as colour sensors for
monitoring moods and emotional states [42], and robotic devices within Body Area Networks

to capture text, audio, video and images to detect depression [76].
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3.4.2 User-generated and User-centric Data Collection

User-generated data collection is one of the most widely used methods for predicting,
detecting, and managing depression and emotional well-being concerns. Data collected
directly from users can offer deep insights into their emotional states. Popular mechanisms
include questionnaires and interviews, and non-intrusive means such as observing users’
social media activities and screen time or phone usage patterns. However, human factors like

mood fluctuations and biases can affect the reliability of user-generated data.

Questionnaires and Surveys

Questionnaires and surveys are a flexible instrument to collect a variety of data. They are
extremely popular in many depression-related healthcare systems, as shown in Table 3.5.
With increasing digitisation, traditional paper-based questionnaires are being replaced by
their digital counterparts [44, 45].

Table 3.5 Data collection by questionnaires and surveys, categorised by question types or
nature, and their aim of collecting data

Source | Question Types Purpose

[62] Pre, mid, and post assessment | Collecting relationship measures

[67] Included GDS Assess depressive symptoms

[77] Linked data points Construct predictive model

[60] Self-assessment Evaluate psychological and mental status

[78] Smartphone-based Smartphone and emotion relationship

[71] VR questionnaires Comparing responses with outcomes

[57] Standard questionnaires Utilise tagged data from smartwatches
Mobile Applications

Mobile applications have emerged as a popular choice for digitising traditional questionnaires,
providing convenience, accessibility and non-intrusiveness. Research indicates an inverse
relationship between social activity and depression levels [42]. As depression and anxiety
often result in social isolation, tracking social activity becomes invaluable [42]. Analysing
text sources such as social media posts can also offer valuable data related to mental well-
being [37]. Table 3.6 shows works that use mobile applications for data collection.
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Table 3.6 Data collection by mobile applications, categorised by type of data and method of
collection

Source | Data Type Method

[62] Daily surveys Mobile applications to monitor mental health
[55] Digital interactions | Observing online behaviours using ML

[59] Social data Analyse social networks, for healthcare data

3.4.3 Datasets

Utilising diverse datasets can enhance the reliability, robustness and effectiveness of solutions
for depression. Research contains a mix of lab-based synthetic datasets as well as those from
real-life contexts [40]. Popular datasets containing physiological data related to emotional
states include DAPPER [79], AMIGOS [80], and CASE [81]. Moreira et al. [82] focused
on predicting postpartum depression (PPD) and utilised genuine patient datasets from the
Maternity School Assis Chateaubriand. This approach underscores the value of integrating
real-life patient data into their analytical framework. Relying entirely on datasets can be
insufficient, as they may not fully reflect real-world conditions in specific applications. It is
recommended that datasets be complemented with other data collection methods.

IoMT datasets contain data obtained from monitoring tools, wearables, and other sensors,
while social media datasets comprise user-generated content such as posts, comments, and
videos [43]. Solutions that use multiple datasets may benefit from improved efficiency,

accuracy and adaptability.

3.5 Data Analysis Methods

Raw data contains low-level information [67] that can be analysed to provide richer insights.
Data collection and analysis complement each other in developing effective systems. Data
analysis can lead to solutions for proactive healthcare management, early detection of dis-
eases, and personalised treatment approaches [47]. Data analysis methods can be categorised
under Al-based, Big Data, statistical, and advanced data analysis. Figure 3.4 shows the

number of studies in each category; Al-based methods are by far the most popular.

3.5.1 Al-based Methods

Al and Machine Learning (ML) algorithms promise the ability to accurately analyse and
classify large volumes of complex data. Figure 3.5 illustrates the frequency of emotional
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Fig. 3.4 Data analysis methods in emotional well-being and depression healthcare systems

well-being solutions over time, incorporating Al-based analysis. Table 3.7 summarises

Al-based data analysis methods.
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Fig. 3.5 Trend of using Al for analysing data in emotional well-being and depression
healthcare solutions including surveys

Natural Language Processing (NLP) plays a vital role in this area. By identifying
linguistic patterns and assessing emotional states from communications, NLP can tailor
interventions to support individuals better. An example is Textual Emotion Detection, which

can automatically analyse and identify predominant emotions in text [39].
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Table 3.7 Al-based solutions categorised by type of algorithm and purpose of analysis

Source | AI Algorithm Type | Purpose

[77] Clustering Develop classifier models

[69] Decision-making Training emotional states

[83] CNN and ML Classifies and analyse emotions

[55] Bi-LSTM Uncover depression and stress patterns
[82] Decision trees Predict PPD among pregnants

[84] KNN and NLP Analyse and interpret mental health data
[85] CNN Accurate emotion recognition

Detect alterations in social behaviour
Detecting depression rates

[68] FIS, and ML
[76] Robotic-based

[63] DNN Classify and detect mental stress state
[86] DL Process and classify health data

[71] ML Process, format, and classify data
[57] ML Predict users’ wellness

[66] ML Identify and classify emotions

[61] LR Classify event data

[58] Bayesian Emotions recognition to detect anxiety

3.5.2 Big Data

Big Data technologies can perform analyses over large volumes of complex data, such as
medical records and sensor readings, leading to more accurate diagnoses, tailored treatment
plans, and timely interventions.

Analysing Big Data can pose challenges, requiring preprocessing techniques for data
cleaning, normalisation, and feature extraction to enhance data quality and model perfor-
mance [87]. These steps are critical in reducing noise and improving the accuracy and
reliability of solutions. Ali et al. [59] employ several data analysis techniques to extract
valuable features, simplify data, and categorise patient health conditions. Similarly, Rajawat
et al. [76] explore the application of big data analytics to enhance the system’s awareness of

the patient and the broader contextual conditions for providing personalised care.

3.5.3 Statistical Techniques

Statistical methods assist in recognising patterns, correlations, and trends over time. They
could be used to pinpoint risk factors, evaluate treatment efficacy, and forecast future out-
comes. Techniques like Principal Component Analysis and multidimensional scaling are
used for dimensionality reduction for efficient analysis [38]. Ou et al. [67] process sensor

activations to monitor the daily movements of elderly individuals, identifying “transition
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timestamps" to mark shifts between sensors. By analysing duration in different places, they
extracted activity patterns indicative of depression.

Descriptive statistics, multilevel regression models, and statistical tests can explore
the link between smartphone use, emotion regulation and mood changes. Shi et al. [78]
used these techniques and thematic analysis to identify patterns and themes, providing a
comprehensive explanation of participants’ smartphone-based emotion regulation behaviours.
Mano et al. [66] employed statistical analysis to validate findings and assess the effectiveness
of various classification algorithms.

3.5.4 Advanced Data Analysis Methods

In this section, some more sophisticated methods for analysing data are discussed. In
depression detection systems, fusion techniques integrate diverse data sources and enhance
the accuracy of identifying depressive symptoms. As an example, Chen et al. [65] introduce
the IIFDD (Intra and Inter-modal Fusion Model for Depression Detection) framework to
detect depression. This framework combines multimodal feature extraction with intra-
modal and inter-modal fusion techniques. Yang et al. [60] analyse the correlation between
data collected from wearable devices and social behaviour, employing threshold selection,
correlation analysis, long-term analysis, and classification methods. They use a feature fusion
and classification algorithm to analyse wearable device data, focusing on preprocessing and
calculating features for correlation and classification.

Employing cognitive tests alongside behavioural analysis can provide a comprehensive
approach to monitoring mental health and understanding cognitive functioning in individuals.
Yunusova et al. [62] utilise multilevel modelling, time series analysis, dynamic multilevel
modelling, exploratory factor analysis, and data imputation. Additionally, multilevel mod-
elling analyses associations within intensive longitudinal data, accommodating multiple
evaluations per individual. Time series analysis and dynamic multilevel modelling tech-
niques are commonly applied to examine temporal associations and trajectories between
constructs of interest.

In the context of social media datasets, Gupta et al. [43] discuss the extraction and
analysis of psycholinguistic features from user-generated content to discern behavioural
patterns and emotional states. Moura et al.’s solution [68] achieves incremental learning
of context-sensitive sociability patterns by combining Frequent Pattern Mining (FPM) and
Complex Event Processing (CEP). FPM, a computational technique, aims to uncover frequent
patterns in various data collection types, including relational and non-relational databases,

text files, and data streams.
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3.6 IoT-based Emotional Well-being

Emotional well-being strategies can ease depression symptoms and prevent future episodes.
Solutions for enhancing emotional well-being can be organised into three distinct categories:
1) loT-based, 2) IoT integrated with Al (Al-based), and 3) User-centric methodologies. Figure
3.6 shows the corresponding categorisation of relevant studies from our review. Al-integrated
IoT methods are commonly used for emotion detection, monitoring, and analysis. These
methods offer the ability to detect subtle emotional patterns and continuous personalised
feedback. Key challenges include privacy issues, possible algorithmic biases, and dependence
on high-quality training data, which may not always be fully representative. IoT-based
solutions can collect real-time, continuous data from various sources and provide a more
comprehensive view of a patient’s emotional state. However, these solutions often require
significant infrastructure investment and feature data security and device interoperability
concerns. Finally, [oT integrated with user-centric approaches can enhance user experience by
providing personalised interventions based on direct feedback. Challenges include subjective
and/or inconsistent user inputs and variability in user interactions over time.

@Emotion Detection @Emotion Monitoring ®@Emotion Analysis
14

The number of research works
N

S}

User-centric Al-based loT-based

Fig. 3.6 Emotional well-being solutions based on types and methods
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3.6.1 Emotion Detection

Emotion detection involves identifying and recognising emotions at a specific point in time
through cues like facial expressions, tone of voice, body language, and physiological signals
such as heart rate or skin conductance. Emotion detection serves as a key aspect in supporting
well-being [37].

Several studies use ML to detect emotions. Gyrard et al. [88] use facial recognition and
speech recognition, used by robots to understand human emotions. They use IoT to collect
physiological and emotional data for analysis and interpretation. Mano et al. [66] utilise ML
algorithms for monitoring patients and recognising emotions through facial expressions.

The M-SID framework [61] uses physiological signals to discern patterns of suicidal
ideation and real-time detection of emotions. Mahdi et al. [69] delve into facial recognition,
ECG, EEG, BPM, and temperature signals for emotion detection. The i-RISE framework [58]
integrates eye-event tracking, heart rate monitoring, daily activity tracking, and ambient
sensing to identify and interpret individuals’ emotional states.

3.6.2 Emotion Analysis and Monitoring

Emotional analysis improves the accuracy and timeliness of detecting depression through
contextual analysis, tracking patterns of emotions over time, and observing fluctuations in
emotional well-being [38]. A categorisation of research works on emotion monitoring and
analysis is shown in Table 3.8.

IoT-based Emotion Monitoring and Analysis

Gyrard et al. [88] classify and examine projects that improve emotional well-being using IoT
devices and ontologies. They highlight the importance of including various IoT sensors to
monitor physical and mental states. The research also underscores the role of 10T technology
in showcasing knowledge of APIs.

MEmoR [85] is a multimodal ER model integrated with IoT devices and wearables to
monitor users’ emotional states using visual and physiological cues from cameras, micro-
phones, smartwatches, and smartphones. The EmoGo system [69] tracks emotions using
wearable data and categorises emotions before transmitting them to a server for further
analysis.

Several works carry out emotion monitoring and analysis in smart home settings. Yunusova
et al. [62] investigate the interconnections between daily variables and long-term mental

health and well-being. They employ data reduction strategies and multilevel modelling to
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Table 3.8 Methods for analysing and monitoring emotions

Method Research Work Analysis | Monitoring
Kumar et al. [85] v
Mahdi et al. [69]
Gyrard et al. [88]
Kumar et al. [55] v
Yunusova et al. [62]
Ou et al. [67]
IoT-based Yang et al. [60]
Methods Jose et al. [70]
Gupta et al. [56] v
Chen et al. [65] v
Rajawat et al. [76]
Mano et al. [66]
Sundaravadivel et al. [58] v
Moreira et al. [82] v
Ali et al. [59]
Al-based Sinha et al. [83]
Methods Robinson et al. [53]
Hardy et al. [71] v
User-centric | Mele et al. [89]
Methods Shi et al. [78] v
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examine the relationships between daily emotions, activities, and sleep patterns for individu-
als. Ou et al. [67] utilise IoT-enabled smart home devices to monitor residents’ behaviours
continuously. Mano et al. [66] track facial expressions over time to observe emotions through
IoT sensors implemented in smart homes.

Some studies consider wearable devices as components of a larger IoT network. Yang et
al. [60] read data from wearables and analyse it to monitor emotional well-being.

Some research works use bespoke I0T sensors. Gupta et al. [56] incorporate GSR and
finger-measurable heartbeat sensors for monitor anxiety and depression levels. Jose et al. [70]
explore integrating IoT technology with WBAN and biosensors for remote health monitoring
purposes, enabling the tracking of patients’ vital signals to support recovery. Kumar et al.’s
study [55] suggests using data on emotional dynamics to design an loT architecture model
that integrates therapeutic approaches for emotional problem prediction and treatment. Sinha
et al. [83] leverage facial recognition and emotion analysis to monitor students’ emotional
well-being in real-time.

The 1-RISE framework [58] incorporates elements for eliciting emotions through a semi-

immersive environment. Rajawat et al. [76] process data through fog and cloud computing
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platforms and send automatic alerts to medical professionals to reduce the risk for older

adults in critical situations.

Al-based Emotion Monitoring and Analysing

Some IoT solutions employ ML to assess collected data and identify individual mood trends
[47]. Moreira et al. [82] investigate using ML techniques for pattern recognition to anticipate
post-partum depression by analysing clinical and physiological data. Ali et al. [59] extract
and filter patient messages and posts from social networks using supervised and unsupervised
ML to classify the sentiment polarity of text. Hardy et al. [71] propose a method to track
emotions via virtual reality and physiological signals. This method offers personalised
therapy and applies ML to analyse data. Robinson et al. [53] explore using Al embedded in

smartwatches for emotional analysis and monitoring.

User-centric Emotion Monitor and Analysis

User-provided data offers deeper insights into emotional states. Identifying the best data to
use is challenging. Randomised Controlled Trials are frequently used for this purpose to
minimise bias [45]. Social interactions and behavioural actions can be valuable indicators of
individuals’ emotions. Mele et al. [89] employ five measures to assess well-being: quality of
life, personal and subjective satisfaction, physiological and social functionality, physiological
well-being, self-esteem, and quantity and quality of social relations. Several works use
smartphones to capture user input [44]. Shi et al. [78] explore smartphones as tools for

emotion regulation through experience sampling and interviews.

3.6.3 Therapeutic Approaches for Emotional Well-being

Therapeutic approaches fall into three types: virtual therapy, behavioural therapy, and Al-
enabled therapy.

Virtual Therapy

Virtual therapy presents an optimistic route to fostering emotional wellness, offering immer-
sive and readily available environments for therapeutic interventions. Through the immersive
nature of virtual reality, individuals can participate in tailored treatment methods such as
exposure therapy and mindfulness practices in a supportive setting [37]. This approach not
only enhances accessibility to mental health support but also promotes emotional strength

and general well-being in a compassionate and empathetic manner. Lingam [46] discusses
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an application linked with the smartwatch that endeavours to comprehend users’ behavioural
patterns and suggest techniques to improve their well-being. Interactions and conversations

with the app assist users in gaining insights into their emotional well-being.

Behavioural Interventions

Behavioural interventions play a vital role in promoting emotional well-being by assisting
individuals in modifying their behaviours and developing positive lifestyle habits. Cognitive
Behavioural Therapy (CBT) provides tangible methods for managing stress and anxiety,
empowering individuals to support their resilience and improve their overall sense of well-
being in a compassionate and supportive manner.

One method to enhancing mental well-being involves biofeedback therapy, where indi-
viduals are taught to gain voluntary control over a natural bodily function by first monitoring
its normal automatic responses [37].

Yunusova et al. [62] explore the application of evidence-based therapies such as CBT and
Acceptance and Commitment Therapy for treating depression. They delve into ecological
momentary interventions, which involve delivering timely interventions to reduce stress and
negative emotions as they arise in real-time situations. Thapa et al. [84] focus on exploring
how technology can further support mental well-being, including mobile apps, wearable
devices, and social media. They discuss how IoT could aid in predicting mental health
outcomes and guiding treatment choices, offering promising avenues for improving overall

well-being.

Al-Enabled Healthcare Technologies

Al-driven therapeutic methods are transforming emotional well-being systems by offering
customised interventions through empathetic technologies such as chatbots and ML algo-
rithms. These developments provide accessible and scalable assistance, fostering emotional
resilience and well-being in a compassionate and empathetic manner. The Al-driven digital
therapeutics field employs methods that can shape patient-centric approaches in developing

virtual chatbots and referral systems [38].

3.7 1IoT-based Solutions for Depression

Section 3.6 presented three categories of solutions: IoT-based, IoT integrated with Al methods

and user-centric approaches. Depression related 10T solutions feature the same advantages
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and disadvantages we identified for IoT solutions related to emotional well-being in Section

3.6. Figure 3.6 shows the categorisation of depression-related works from our review.

@ Depression Prediction @Depression Detection @Depression Management

The number of research works

Al-based loT-based User-centric

Fig. 3.7 Depression solutions based on type and method

Table 3.9 shows the works in each category and whether they perform prediction, detec-

tion, and/or management.

3.7.1 Predicting Depression
IoT-based Solutions

Moreira et al. [82] integrate 10T technology for real-time data collection in high-risk
pregnancies to detect and predict post-partum depression. Moura et al. [68] focus on
monitoring and predicting depressive states. They detect context-aware sociability patterns
and changes in social behaviour through IoT sensors. IoT technology has been applied to
mood monitoring, offering significant utility in evaluating and addressing psychological
disorders [47].

Al-based Solutions

Srividya et al. [77] show that ML algorithms for clustering and classification could be
expanded to predict different mental illnesses. They suggest incorporating physiological
parameters to enhance the accuracy of predicting an individual’s mental state. Kaur et al.

[90] develop a fuzzy inference system for predicting levels of depression risk.
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Table 3.9 Capabilities of depression-related [oT solutions

Method

Research Work

Predict

Detect

Manage

TIoT-based
Methods

QOu et al. [67]
Moreira et al. [82]
Moura et al. [68]
Chen et al. [65]
Thapa et al. [84]
Gupta et al. [56]
Robinson et al. [53]
Jose et al. [70]
Gyrard et al. [88]
Mahdi et al. [69]
Yang et al. [60]

v
v

ENENEN

v

Al-based
Methods

Kumar et al. [55]
Srividya et al. [77]
Kaur et al. [90]
Rajawat et al. [76]
Sinha et al. [83]
Ali et al. [59]
Machado et al. [57]
Kumar et al. [85]
Saffar et al. [39]
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User-centric
Methods

Mele et al. [89]
Lingam [46]
Yunusova et al. [62]
Hardy et al. [71]
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Physiological data is invaluable in predicting depression. Heart rate variability and body

temperature, that have been used to predict major depressive disorders in [42]. Machado et

al. [57] study the impact of stress, anxiety, and depression on the body’s vital signs. Kumar

et al. [55] propose an algorithm to forecast emotions utilising conversational text extracted

from messaging applications and social media.

User-centric Approaches

Yunusova et al. [62] employ a personalised, predictive model of mental health utilising

event mining to predict alterations in mental health, considering factors like disruptions in

sleep patterns, challenges in social interactions, decreased physical activity, and reduced

experience of positive emotions to anticipate heightened depression severity. Similarly, Mele

et al. [89] employ ML to assess depression likelihood from patients’ behaviour, enabling

early interventions for targeted depression management.



3.7 IoT-based Solutions for Depression 42

3.7.2 Detecting Depression

IoT can help provide critical data such as facial expressions, voice analysis, and physiological

information to recognise signs of depression [42].

IoT-based Solutions

Data from 10T devices, including Wireless Sensor Networks (WSN) and Wireless Body
Area Networks (WBAN), is used to identify and treat depression through cognitive and
motor rehabilitation methods in [42]. Gupta et al. [56] capture pulse and skin resistance
via wearables to detect anxiety and depression. The IIFDD framework [65] uses IoMT-
based remote monitoring and diagnostics as well as a feature extract module for detecting
depression.

Thapa et al. [84] use speech landmark bigrams to detect depression from everyday
smartphone speech. Moreover, Ou et al. [67] analyse behavioural data from IoT devices
and utilise ML techniques to detect changes in depression levels. Robinson et al. [53] use
wearable data-based metrics like physical activity, sleep duration, and self-reported social
interactions to assess the severity of depressive symptoms. Jose et al. [70] use biosensors and
phone sensors and integrate support apps and social media to detect and predict depression.
Yang et al. [60] investigate the capabilities of a wearable social sensing platform to monitor

participants’ psychological conditions.

Al-based Solutions

Kaur et al. [90] combine Mamdani’s fuzzy logic controller with a feed-forward multilayer
neural network to detect depression. Moreover, employing multimodal detection systems that
integrate computer vision, physiological signals, and IoT technology could offer valuable
insights for detecting depression. Their multimodal ER model MEmoR [85] combines
computer vision and [oT devices to capture visual and physiological data to detect depression.

Several studies use sentiment analysis on text, such as social media data, for detecting
depression [37, 59]. Sinha et al. [83] develop large-scale emotion analysis and surveillance
technology for identifying depression symptoms in student cohorts. Rajawat et al. [76] use
Al-enabled robots for prolonged observation of user behaviour to detect depression. Saffar et
al. [39] note that textual emotion detection is widely used in health and medicine, particularly

for identifying depression.
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User-centric Approaches

Questionnaires, such as the Beck Depression Inventory (BDI), are vital tools for gathering
user-based data [60]. Kumar et al. [55] assess a person’s baseline depressive state by
gathering data from various sources. Hardy et al. [71] present an emotion questionnaire

containing robust questions from reputable organisations.

3.7.3 Managing Depression with IoT

Lingam [46] explore using smartwatches and associated applications for depression moni-
toring. Their app facilitates data sharing with healthcare professionals to gain insights into
individuals’ conditions and provides suggestions for improving their well-being based on
behaviour patterns. Kumar et al. [55] compare current depression levels with target levels to
determine the appropriate intervention, including providing suggestions and/or using smart
lighting to modulate mood. Ou et al. [67] deploy wireless sensors to capture activity patterns,
which are fed into ML models to predict and detect changes in depression levels. Robinson
et al. [53] underscore the role of sensors in monitoring mental status and providing timely

and accessible data to various professionals and users.

3.8 Discussion

3.8.1 Data in Technological Emotional Well-being and Depression-
Related Solutions

Data forms the backbone of well-being and healthcare systems, crucial to their effectiveness.
When it comes to emotional well-being, capturing and analysing diverse types of data can
improve effectiveness.

Building on the foundations covered in previous sections (see Sections 3.4 and 3.5), this
study highlights how the integration of diverse types of data, data collection and analysis
methods in emotional well-being and depression systems differs from prior reviews. Unlike
previous studies that primarily focused on technologies, data collection, or analysis methods,
our study provides a holistic understanding by combining the key data-related aspects of
IoT-based solutions.

The most useful types of data for enhancing emotional well-being and managing depres-
sion through IoT are:

1. Self-reported data: Subjective information from individuals about mental and physical

well-being.
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2. Physiological data: Data related to physiological aspects of a user’s body, such as
EEG and heart rate.

3. Behavioural data: Data related to users’ behaviour, such as interactions on social

media.

4. Environmental data: Data from other IoT sensors representing environmental condi-

tions, such as ambient temperature, humidity, etc.

Figure 3.8 illustrates the frequency of each type of data used in the solutions we reviewed.
Table 3.10 shows that physiological data remains the most widely used in loT-based solutions
for emotional well-being and depression, consistent with trends identified in previous reviews.
However, our study reveals a growing interest in integrating environmental data, which is a
relatively new area. This shift underscores a broader understanding of how external factors
contribute to mental health, suggesting new avenues for enhancing interventions and potential

for addressing depression more comprehensively.

Self-reported Physiological Behavioural Environmental Other
Data Data Data Data Data

The number of research works

0

Fig. 3.8 Data in loT-based emotional well-being and depression systems

Environmental data can play a crucial role in understanding and managing emotional
well-being and depression. Critical data such as temperature, humidity, and air quality,
provide objective information on the physical conditions that may influence mental health.
Cameras and other environmental sensors can provide valuable insights into individuals’
surroundings and behaviours. Visual cues such as facial expressions, body language, and
interactions with the environment offer valuable contextual information for assessing and

supporting emotional well-being.
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Table 3.10 Types of data used in technological emotional well-being and depression systems

Type Data Reference
Body temperature [69], [70], [53]
Respiration rate [70]
Heart rate [70], [53], [55], [58]
Blood pressure [70]
Pulse rate [70], [69], [56]
Physiological EDA [53]
GSR [53], [56]
Physical activity [53]
ECG [84]
EEG [53], [91]
Other signs [60], [82], [85], [57], [63], [71]
Ambient data [61]
Environmental IoRT data [88]
Smart home data [66]
Text, audio, image and video | [76], [65], [84], [56], [90], [83]
. Activities lo [62]
Behavioural Online activzigty records [68], [55]
Other behavioural data [60]
Survey data [671, [77], [71], [78]
Self-reported Interviews data [89]
Other self-reported data [62], [56]
Other Datasets [59], [82]

Figure 3.3 indicates that the growth of the IoT and sensors has seen these used more
extensively in data collection. 10T technology can be seamlessly integrated into users’
everyday environments, thus promoting better adherence. By embedding IoT devices and
making the technology less visible, these solutions can reduce the burden on users and
foster continuous engagement in their care. Interestingly, despite the advancements in
IoT technology, our studies reveal that manual methods like questionnaires continue to
play a critical role in capturing nuanced emotional states. These findings contrast with
the diminishing emphasis on such methods in some reviews, highlighting their enduring
relevance, especially when integrated with new technologies.

The widespread adoption of mobile devices in contemporary society warrants further
exploration of their potential for research. In contrast to earlier studies that primarily explored
the passive data collection capabilities of mobile devices, our findings suggest a dual role: not
only can these devices collect data through embedded sensors, but they also actively engage
users in providing contextual information. This dual approach enriches the data quality and

offers a more comprehensive view of daily activities and behaviours.
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Preprocessing data is vital for emotional well-being and depression support systems. This
involves cleaning, organising, and transforming raw data gathered from different sources into
usable information, ensuring accuracy and reliability in subsequent analyses. Our review
identifies a significant gap in the literature regarding the preprocessing of data from IoT
sensors, an area that is glaringly missing from most studies we reviewed. This underscores
the necessity of developing standardised preprocessing protocols to ensure data accuracy and

reliability, a critical step that could significantly impact future research outcomes in this field.

3.8.2 Effectiveness Parameters in Emotional Well-being and Depression

Solutions

In healthcare systems, particularly within mental health and emotional well-being services,
solutions must effectively address the needs of individuals facing various challenges. While
standards like Health Level 7 (HL7) [92] outline some effectiveness parameters, our study
proposes expanding these criteria to include emerging technologies and types of data not
fully covered in current standards. This expansion could lead to more robust and adaptive
healthcare systems tailored to the complex needs of mental health services. For example,
regular tracking of patients’ emotional states or subjective well-being, often through self-
reports or digital tools, may require specialised data beyond regular standards, as specific
emotional metrics and continuous mood tracking often need customisation.

Accurate and reliable data collection is critical in IoT-based emotional well-being and
depression-related systems. Issues like connectivity problems, device malfunctions, or
incorrect sensor placement can lead to incomplete or noisy data, impacting clinical decision-
making. Robust data validation, quality assurance processes, and continuous sensor calibra-
tion and monitoring are essential to prevent inaccuracies that could result in misdiagnoses
or ineffective treatments. User compliance and engagement are also significant challenges.
Patients may only sometimes use IoT devices due to discomfort, technical difficulties, or
privacy concerns. To address this, designing user-friendly device interfaces, providing educa-
tion and training, and incorporating behavioural reinforcement mechanisms like reminders
or incentives are all essential.

Another challenge is interoperability. [oT systems must integrate seamlessly with existing
healthcare infrastructure, such as electronic health records, where data silos and varying
standards often hinder information exchange. Moreover, privacy and security concerns
around handling sensitive health data require secure transmission, encryption, and adherence

to regulations. Finally, scalability is crucial for widespread adoption, particularly for smaller
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clinics or underserved regions. Financial constraints can limit adoption, so solutions must be

cost-effective and scalable.

3.8.3 Depression Management

A significant issue within the realm of mental healthcare lies in effectively addressing and
supporting individuals diagnosed with depression. Previous reviews have largely concentrated
on the detection and prediction of depression, as noted in Section 3.7. In contrast, our study
shifts the focus towards the active management of depression, emphasising the development
of personalised care plans that address the unique needs of individuals. This approach
represents a significant evaluation from earlier works, which have often overlooked the
ongoing support required for effective long-term management.

Furthermore, personalised care plans that consider factors like symptom severity, underly-
ing causes, concurrent medical conditions, and individual preferences are vital for optimising
outcomes in depression management. This approach ensures that individuals receive compre-
hensive support tailored to their unique circumstances, fostering better long-term outcomes
and quality of life. IoT offers personalised care by leveraging the ability to adapt to individual
users’ unique contexts and needs.

By shifting focus towards actively managing depression, healthcare systems can better
address the diverse needs of individuals living with this condition, ultimately improving

overall mental health outcomes.

3.9 Conclusion

This article explored the evolving landscape of IoT technologies in monitoring, analysing,
and enhancing emotional well-being and depression. Our analysis identified a multifaceted
approach towards understanding and managing depression, leveraging a wide array of data
collection methods—from sensor-based and user-centric to using datasets. Integrating IoT
devices and Al algorithms has shown promise in providing personalised, real-time insights
into individuals’ emotional states, potentially revolutionising how emotional well-being is
approached in healthcare and everyday settings.

One of the critical revelations of this review is the significant potential that IoT technolo-
gies hold in enhancing the granularity and immediacy of emotional well-being monitoring.
Wearable sensors, mobile applications, and intelligent environments facilitate continuous
data collection and ensure data richness and contextuality, which is crucial for accurate

emotion detection and analysis. Furthermore, Al-based methods, including ML and NLP,
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have demonstrated efficacy in deciphering complex emotional patterns, offering pathways to
predictive analytics in mental health.

However, the journey toward fully harnessing the capabilities of IoT and Al in emotional
well-being is fraught with challenges. Issues surrounding data privacy, security, and the ethi-
cal implications of continuous monitoring remain paramount. Additionally, the heterogeneity
of data and sources necessitates advanced data integration and analysis frameworks to ensure
coherent and actionable insights.

Looking forward, the convergence of 10T and Al technologies presents a transformative
opportunity for mental health. Future research should aim at refining these technologies to
address current limitations, exploring novel applications, and ultimately facilitating their
seamless integration into healthcare systems and daily life. The ultimate goal is to create
an empathetic, intelligent, and interconnected ecosystem that anticipates and responds to
emotional distress and fosters overall emotional resilience and well-being.

In conclusion, the synergistic combination of IoT data solutions and Al promises to
reshape the landscape of depression management and emotional well-being. By pushing the
boundaries of current technological capabilities and addressing the associated ethical and
practical challenges, we can pave the way for innovative, impactful, and empathetic solutions,
offering hope and support to those navigating the complexities of mental health.

Future directions include exploring the impact of various categories of data for managing
emotional well-being and depression. Future research should prioritise the development of
predication and active management solutions specifically designed for individuals already
diagnosed with depression, an area underexplored in prior studies. It is also essential to
consider the ethical implications of integrating IoT and Al in mental health interventions.
Data privacy, informed consent, and the potential for algorithmic bias must be addressed to
protect individuals and ensure equity and responsible use. Another interesting direction is to
study factors to develop effective IoT-based solutions for other mental health disorders, such
as stress and anxiety. A generalised review of Al-based solutions is also a promising area for
future research.



Chapter 4

Prelude to Contextualising
Environmental Data in IoT-Based Mental
Health Monitoring

4.1 Introduction

Chapter 5 focuses on an important contextual layer in IoT-based mental health monitoring:
the physical environment. In this thesis, context refers to the surrounding conditions that help
interpret behavioural, physiological, or self-reported signals, rather than treating them as
isolated indicators. For Chapter 5, this context is specifically environmental: the temperature
and humidity conditions of enclosed spaces that may be associated with comfort, stress,
sleep, concentration, and emotional well-being [93-96]. This focus responds to a limitation
identified in Chapters 1-3. The earlier chapters showed that many IoT-based mental health
systems focus on isolated physiological, behavioural, or self-reported signals, with limited
attention to the contextual factors that may shape or explain those signals. For example, a
behavioural change such as reduced activity or disturbed sleep may be interpreted differently
depending on the person’s environment, routine, and living conditions. Environmental data
can provide useful contextual information for interpreting mental health-related patterns.
The purpose of Chapter 5 is to examine environmental sensing as a contextual sensing
exploration within a broader IoT-based monitoring framework. The chapter investigates how
temperature and humidity data in enclosed environments can be collected, processed, clas-
sified, and used to support a more contextual interpretation of stress-related environmental

conditions. This exploration shows how environmental data may function as one support-
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ing contextual layer within a more comprehensive, personalised, and adaptive IoT-based

approach.

4.2 Role of Chapter S in the Thesis

Chapter 5 represents the first technical study after the systematic review. While the review
identified gaps in the literature, this chapter begins to explore how one of those gaps can be
examined through a technical study. Specifically, it examines how environmental data can be
integrated into IoT-based mental health monitoring as a contextual input. This is important
because many loT-based health and well-being systems focus on physiological, behavioural,
or self-reported data, while environmental context is often treated as secondary or omitted
entirely [97, 98].

Chapter 5 plays an important role in advancing the thesis. Rather than moving directly
from the systematic review to the final architecture, the thesis first examines selected di-
mensions that are important for a more complete loT-based depression management system.
Chapter 5 contributes to this progression by investigating contextual sensing through envi-
ronmental data. The following chapters build on this foundation by considering additional
dimensions, including user engagement, system integration, safety, personalisation, and
expert-informed refinement. In this way, Chapter 5 acts as a bridge between the literature-
based understanding of the field and the architecture-oriented contribution developed later in
the thesis. It shows that environmental context is not only a theoretical consideration, but
can also be operationalised as a technical layer within an loT-based monitoring framework.
Therefore, the chapter helps justify why the later architecture includes contextual sensing as
part of its broader design.

Chapter 5 contributes to the thesis in three main ways:

1. Positioning environmental context as a relevant supporting layer in loT-based mental
health monitoring. This supports the broader thesis argument that IoT-based depression
management systems should support interpretation of data in relation to the person and

their surrounding context, rather than treating sensor data as isolated indicators.

2. Providing a data-driven exploration of environmental sensing. This chapter uses
temperature and humidity datasets from enclosed environments and applies machine
learning techniques to classify environmental conditions using predefined comfort-
and stress-related categories. This demonstrates how ambient data can be processed
and analysed within a monitoring pipeline. Previous studies have reported associations

between temperature, humidity, heat-related environmental conditions, and mood,
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emotional well-being, or mental health outcomes [96, 99]. Building on this evidence,
Chapter 5 explores how such factors can be operationalised as contextual inputs within

an loT-based data-processing framework.

3. Highlighting the need for personalisation and careful interpretation. The results show
that environmental data can support classification of stress-related environmental
conditions, but they also reveal limitations, including reliance on temperature and
humidity as the main environmental variables, use of predefined thresholds, class
imbalance, absence of depression-specific outcome data, and lack of direct integration
with behavioural, physiological, and self-reported mental health data. These limitations
reinforce a key argument of this thesis: technical prediction alone is not sufficient for
mental health monitoring. A safe and useful system must also consider individual

differences, uncertainty, context, and the risk of misinterpretation.

4.2.1 Interpretation and limitations of environmental stress labels

An important distinction concerns the interpretation of the stress categories used in Chapter 5.
The three datasets analysed in the study contain environmental measurements of temperature
and humidity. The five categories (Very Low, Low, Medium, High, and Very High) were
constructed using predefined temperature and humidity thresholds informed by findings from
previous studies and domain-specific knowledge, as presented in Table 5.1 and Sections
5.4.2 and 5.4.3. These categories represent literature-informed proxy labels assigned to
environmental conditions [100, 96, 101-103, 99]. The term stress level, as used in Chapter 5,
should consequently be interpreted as an environmental stress-related classification rather
than a direct measure of an individual’s experienced stress or depression severity.

The thresholding approach assumes that environmental conditions associated in the
literature with thermal discomfort or stress-related responses can provide a useful basis for
categorising environmental observations. However, this assumption does not establish a
direct or universal relationship between specific temperature—humidity combinations and
individual mental health states. Responses to environmental conditions may vary according to
personal sensitivity, acclimatisation, duration of exposure, health status, and other contextual
factors.

Consequently, the machine learning results reported in Chapter 5 should be interpreted
as measures of the models’ ability to classify environmental observations according to the
constructed labels. Therefore, the contribution of Chapter 5 is a technical exploration of
environmental data processing and classification that supports the inclusion of environmental

context within loTMindCare. Future empirical work would be required to examine how
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such contextual variables relate to independently measured mental health outcomes and how
they should be combined with behavioural, physiological, and self-reported information for

personalised interpretation.

4.3 Connection to Subsequent Chapters

The following chapters build on the contextual foundation established in Chapter 5. While
Chapter 5 focuses on environmental context, the next stage of the thesis examines user
interaction and engagement through gamified Al-IoT-based monitoring and feedback. This
progression is important because contextual sensing alone does not ensure sustained use,
self-awareness, or meaningful user participation. Therefore, the subsequent chapter extends
the thesis from passive environmental sensing toward more interactive and user-facing forms
of loT-based mental health support.

The findings from Chapter 5 also inform the development of the loTMindCare architec-
ture in Chapter 9. Specifically, the chapter indicates that an environmental sensing layer
involves continuous data collection, preprocessing, and classification, while its integration
into a broader monitoring system would also require personalisation and combination with
other data streams. However, Chapter 5 also identifies several limitations that must be
addressed at the architectural level. These include the reliance on temperature and humidity
as the main environmental variables, the use of predefined stress-related thresholds, class
imbalance in the classification results, and the absence of direct integration with behavioural,
physiological, and self-reported mental health data. Taken together, these findings and limita-
tions support treating environmental sensing as one component of a broader context-aware
monitoring system rather than as an independent indicator of mental health status. Conse-
quently, within the lToTMindCare architecture, environmental data are integrated alongside
behavioural, physiological, self-reported, and interaction-based information to support a

more comprehensive approach to depression management.



Chapter 5

Integrating Environmental Data for
Mental Health Monitoring: A
Data-Driven IoT-Based Approach

5.1 Abstract

Mental health disorders constitute a significant global challenge, compounded by the lim-
itations of traditional management approaches that rely heavily on subjective self-reports
and infrequent professional evaluations. This study presents a groundbreaking loT-based
system that integrates big data analytics, fuzzy logic, and machine learning to revolutionise
mental health monitoring. In contrast to existing solutions, the proposed system uniquely
incorporates environmental factors, such as temperature and humidity in enclosed spaces—
critical yet often overlooked contributors to emotional well-being. By leveraging lIoT devices
to collect and process large-scale ambient data, the system provides real-time classification
and personalised visualisation tailored to individual sensitivity profiles. Preliminary results
reveal high accuracy, scalability, and the potential to generate actionable insights, creating
dynamic feedback loops for continuous improvement. This innovative approach bridges the
gap between environmental conditions and mental healthcare, promoting a transformative
shift from reactive to proactive care and laying the groundwork for predictive environmental
health systems.

Publication Note

This chapter is based on the published article:
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Zamani, S., Nguyen, M., & Sinha, R. (2025). Integrating environmental data for mental
health monitoring: A data-driven loT-based approach. Applied Sciences, 15(2), 912.

The published article is available online via https://doi.org/10.3390/app15020912.

The remainder of this chapter is based on the published article, with minor formatting

adjustments made to align it with the structure and argument of this thesis.

5.2 Introduction

Mental health disorders constitute a critical global health challenge, impacting millions of
lives and imposing significant social and economic burdens. The World Health Organization
(WHO) identifies mental health conditions such as anxiety, depression, and stress-related
disorders as leading causes of disability worldwide [104]. Despite increasing awareness,
existing mental health management strategies remain hindered by reliance on subjective self-
reports and periodic professional evaluations [105], which often lack objectivity, immediacy,
and accessibility. These shortcomings severely limit the delivery of effective, personalised

interventions, particularly in resource-limited environments.

5.2.1 Mental Health and Environmental Factors

Recent advancements in emotional well-being monitoring systems have begun to address
these challenges by utilising data-driven techniques to identify emotional states [106]. Many
of these systems leverage wearable sensors, smartphones, and other digital platforms to gather
physiological and behavioural data, offering insights into individuals’ mental health [107].
However, these solutions primarily focus on internal factors, such as heart rate variabil-
ity and sleep patterns, while neglecting the impact of external environmental conditions,
including temperature, humidity, air quality, and lighting. Research has shown that such
environmental factors significantly influence emotional well-being and mental health, par-
ticularly in enclosed spaces where people spend a substantial portion of their time [93, 94].
Ignoring these factors limits the comprehensiveness and efficacy of current monitoring
solutions. Studies have shown that temperature, humidity, and other ambient factors can
profoundly affect mental health [108]. However, they remain underutilised in treatment and

prevention strategies.

5.2.2 The Role of Big Data and IoT in Mental Health Management

In this context, the Internet of Things (IoT) has emerged as a transformative technology capa-

ble of addressing mental health monitoring gaps. IoT devices equipped with environmental
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sensors can continuously collect vast amounts of real-time data, creating new opportunities
for monitoring the interplay between environmental conditions and mental health. The appli-
cation of IoT in health monitoring is increasingly prevalent, with several studies exploring its
role in managing chronic conditions, sleep disorders, and stress levels [109, 97, 98]. When
combined with big data analytics, fuzzy logic, and machine learning (ML) techniques, [oT
systems can process and analyse these datasets to uncover meaningful patterns, provide
actionable insights, and deliver personalised recommendations. With the proliferation of 1oT
devices, environmental data can now be collected continuously at an unprecedented scale.
Big data analytics offers a powerful framework to process, analyse, and extract actionable
insights from these data.

This paper proposes a novel loT-based system for mental health monitoring that integrates
these technologies to address critical shortcomings in traditional and emerging methods.
The system aims to offer real-time classification, visualisation, and predictive analytics
tailored to individual needs by capturing and analysing ambient environmental data alongside
personal sensitivity profiles. The proposed approach enhances the accuracy and relevance of
mental health monitoring. It fosters a shift from reactive to proactive care by enabling early
detection of adverse conditions and their impact on emotional well-being.

This study aims to address the following questions:

1. How can big data and IoT technologies improve environmental monitoring for mental

health management?
2. What predictive capabilities can be introduced to anticipate adverse conditions?
3. How can these predictions be personalised to account for individual sensitivities?

The remainder of this paper is organised as follows: Section 5.3 reviews related work
in IoT-based mental health monitoring and the role of environmental factors. Section 5.4
outlines the design and architecture of the proposed system, detailing the integration of [oT
devices, big data analytics, fuzzy logic, and machine learning. Section 5.5 presents initial
experimental results, highlighting the system’s performance in terms of accuracy, scalability,
and real-world applicability. Section 5.6 discusses the implications of the findings, including
their potential to empower mental healthcare providers and individuals. Finally, Section 5.7

concludes the paper, summarising contributions and outlining directions for future research.
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5.3 Related Work

5.3.1 Environmental Factors and Mental Health

Environmental factors play a significant role in influencing mental health outcomes. Various
studies have highlighted the impact of physical surroundings, such as urban environments,
pollution, noise, and climate change, on psychological well-being. Urbanisation, for instance,
has been linked to increased stress levels and higher risks of anxiety and depression due
to factors like overcrowding, lack of green spaces, and heightened exposure to noise pollu-
tion [110, 111]. Air pollution, particularly exposure to fine particulate matter (PM2.5), has
been associated with cognitive decline and the exacerbation of psychiatric disorders [112].
Similarly, natural disasters and extreme weather events, which are intensifying due to climate
change, have been shown to contribute to post-traumatic stress disorder (PTSD), depression,
and anxiety disorders [95].

Understanding these relationships underscores the need for interdisciplinary approaches
combining public health, environmental science, and urban planning to address the mental

health challenges associated with environmental factors.

5.3.2 Recent Advancements in Predictive Modelling

Recent advancements in predictive modelling have significantly contributed to environmental
monitoring and mental health fields. Among these, two of the most notable developments
are the application of cognitive computing to predict the flow status of flexible rectifiers and
the predictive modeling of flexible electrohydrodynamic (EHD) pumps using Kolmogorov—
Arnold Networks (KAN).

The first advancement leverages cognitive models to enhance the accuracy of stress
prediction systems by integrating environmental and physiological data. Peng et al. [113]
explore this methodology, demonstrating its potential in adaptive stress detection systems.

The second advancement involves the use of KAN, which employs learnable spline-
based activation functions to model complex nonlinear relationships. This approach offers
improved predictive accuracy over traditional models. Peng et al. [114] highlight KAN’s
effectiveness in capturing intricate interactions between environmental factors and individual
responses, which can be applied to refine stress detection models for better precision in
predicting mental health outcomes.

These advancements underscore the growing role of intelligent, flexible systems in
enhancing prediction accuracy within uncertain and dynamic environments, with promising

applications in mental health prediction and stress detection.
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5.3.3 Big Data in Healthcare

The integration of big data analytics in healthcare has transformed the way medical pro-
fessionals diagnose, treat, and manage diseases. With the proliferation of electronic health
records (EHRs), wearable devices, and other health-related technologies, an unprecedented
volume of data are now available for analysis [115]. Big data enable the identification of
patterns and trends in patient populations, facilitating predictive analytics and personalised
medicine. For example, machine learning algorithms can analyse large datasets to predict
disease outbreaks, optimise treatment plans, and improve patient outcomes [116].
However, challenges such as data privacy, interoperability, and the need for advanced
computational infrastructure must be addressed to fully harness the potential of big data in
healthcare. As the field evolves, ethical considerations surrounding the use of patient data

and the potential for algorithmic bias remain critical areas of focus [117].

5.3.4 Fuzzy Logic in Environmental Data Analysis

Fuzzy logic, a mathematical approach based on degrees of truth rather than binary logic,
has emerged as a powerful tool for analysing complex and uncertain environmental data.
Environmental systems often involve intricate interdependencies and imprecise informa-
tion, making traditional analytical methods less effective [118]. Fuzzy logic provides a
framework for dealing with such uncertainties, enabling researchers to model complex en-
vironmental phenomena more accurately. Applications of fuzzy logic in environmental
data analysis include air quality monitoring, climate change modelling, and disaster risk
assessment. For instance, fuzzy logic systems can evaluate air quality indices by integrating
multiple parameters, such as pollutant concentrations, humidity, and temperature, to produce
comprehensive assessments [119].

The adaptability of fuzzy logic allows for the incorporation of expert knowledge and
subjective judgments, making it particularly useful for decision-making in environmental
management. Despite its advantages, the implementation of fuzzy logic requires careful
design and validation to ensure reliability and accuracy. As environmental challenges become
increasingly complex, the role of fuzzy logic in providing actionable insights is expected to

grow significantly.

5.4 Methodology

This section outlines the methodology employed in the proposed IoT-based mental health

monitoring system, which leverages big data, machine learning, and environmental sensors to
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monitor temperature and humidity levels in enclosed settings for managing the mental health
status of residents. The system’s objective is to identify correlations between environmental
parameters (specifically temperature and humidity) and emotional states (particularly stress
level), as well as to develop predictive models for early intervention.

5.4.1 Datasets

For this study, three publicly available datasets containing temperature and humidity measure-
ments from enclosed environments were selected. These datasets were chosen because they
offer a variety of environmental conditions and span multiple settings, providing a diverse

range of data points for analysis.

1. Correlating Indoor and Outdoor Temperature and Humidity in a Sample of
Buildings in Tropical Climates [120]—This dataset includes absolute humidity,
relative humidity, and temperature measurements for indoor and outdoor environments
across 35 buildings in eight tropical cities. We extracted Tmp and RH data from each
building to create a consolidated dataset, referred to as dataset1, for our subsequent
analyses.

2. Indoor Temperature and Relative Humidity Dataset [121]—This dataset comprises
indoor temperature and relative humidity measurements collected over a month using
twelve Xiaomi Mijia sensors in Medellin, Colombia. We consolidated all sensor data

into dataset?2 for further analysis.

3. Temperature and Humidity Dataset [122]—This dataset includes temperature and hu-
midity measurements for three regions, including Shenyang, Beijing, and Guangzhou.

The data from all three cities have been combined into dataset3 for subsequent analysis.

Each dataset contains time-stamped records of temperature and humidity levels, which
were merged into a unified database for analysis. The primary objective was to analyse
the relationship between these environmental variables and the emotional well-being of

individuals within these environments.

5.4.2 Data Collection and Preprocessing

Data were collected using loT-enabled devices, including temperature and humidity sensors,
which transmitted real-time readings to central servers. These IoT devices were distributed
across the environments. They collected data at different intervals depending on the dataset,
as described in Section 5.4.1.
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Environmental factors, particularly temperature and humidity, significantly influence
emotional well-being and stress levels. Extreme temperatures and high humidity have
been linked to increased stress, discomfort, and negative emotional states, while moderate
conditions are generally more conducive to emotional balance and reduced stress [100].
Research indicates that high temperatures can negatively affect mental health, leading to
increased hospitalisation for mental illness [96]. Moreover, high humidity levels, particularly
when combined with elevated temperatures, can exacerbate stress and discomfort [101].
Conversely, moderate temperatures and humidity levels are associated with better emotional
well-being and reduced stress [102]. On the other hand, exposure to cold temperatures can
lead to increased stress and negative mental health outcomes. For instance, individuals living
in cold homes are at a higher risk of severe mental distress [103].

High humidity levels, particularly when combined with elevated temperatures, can
exacerbate stress and discomfort. Florido et al. [99] found that relative humidity showed a
significant correlation with suicide rates, indicating that both temperature and humidity are
important factors in mental health.

Based on findings from prior studies, the relationship between temperature, humidity,
and stress levels can be systematically analysed and categorised into distinct categories,
as outlined in Table 5.1. These categories provide a structured framework for associating
environmental conditions with stress levels, serving as a foundation for real-time stress
monitoring and personalised mental health interventions. The thresholds used for categorising
stress levels were informed by a combination of empirical studies and domain-specific

knowledge.

Table 5.1 Categorisation of Stress Levels Based on Temperature and Humidity.

Stress Level Temperature Range Humidity Range
Very High Below —20 °C or above 30 °C Above 80%
High Below —10 °C or 31 °C to 35 °C 70% to 80%
Medium —10°Cto —1°Cor26 °Cto 30 °C 50% to 70%
Low 0°Cto15°C 30% to 50%
Very Low 16 °Cto 25 °C 40% to 60%

These thresholds represent general boundaries derived from aggregated data, highlighting
typical stress responses to specific temperature and humidity levels. However, it is crucial to
recognise that these categories may require personalisation to accurately reflect individual
experiences and environmental contexts. Factors such as acclimatisation to local climates,
cultural variations in comfort levels, and individual health conditions significantly influence

how environmental factors impact stress and emotional well-being. Future implementations
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of these categorisations should consider adaptive mechanisms to fine-tune thresholds based
on personal and contextual variables, ensuring more accurate and meaningful assessments.
The preprocessing steps involved the following:

* Data Cleaning: Missing data points were handled by using interpolation methods
based on surrounding values. Outliers were detected using z-scores and were removed
if they deviated significantly from the rest of the dataset.

* Normalisation: Temperature and humidity readings were normalised to a standard

scale to ensure uniformity and improve the performance of machine learning models.

* Data Labelling: Emotional states were labelled based on the literature, as mentioned
above. This labelling helped establish the ground truth for training the machine learning
models.

5.4.3 Machine Learning and Big Data Integration

Given the volume and complexity of the data from three different datasets mentioned in
Section 5.4.1, we used big data tools for distributed data processing and machine learning.

The following steps were undertaken:

* Data Processing: The data were processed using standard machine learning and
deep learning techniques in Python. The datasets were loaded using pandas and then
cleaned and preprocessed through normalisation and feature scaling. We applied
z-score normalisation to temperature and humidity values and handled missing data
through interpolation. The final dataset was then labelled based on predefined stress
levels derived from temperature and humidity conditions. Models were trained and
evaluated on a 70-30% split for training and testing data.

* Feature Selection: A combination of statistical analysis and domain knowledge was
used to identify the most relevant features for predicting emotional states. The selected
features included temperature (T), humidity (RH), and historical temperature and
humidity values, which were used to classify stress levels into five categories: very

low, low, medium, high, and very high.
* Model Training: Several machine learning algorithms were implemented, including:

1. Logistic Regression (LR): LR was chosen as a baseline model due to its simplic-
ity, interpretability, and efficiency for binary and multi-class classification tasks.

It is particularly effective for datasets where the relationship between features
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(temperature and humidity) and the target (stress levels) is approximately linear,

making it a natural choice for initial model comparison.

2. Support Vector Machines (SVM): SVM was selected for its ability to perform
well in high-dimensional spaces and its robustness in handling both linear and
non-linear decision boundaries. The Radial Basis Function (RBF) kernel was used
to capture the complex relationships between temperature, humidity, and stress
levels, especially when the data are not linearly separable. This makes SVM a
powerful tool for classification problems where accuracy is critical.

3. Long Short-Term Memory (LSTM) Networks: LSTM was chosen to model
the sequential dependencies between historical temperature and humidity values.
As a type of Recurrent Neural Network (RNN), LSTM is designed to capture
long-term dependencies, which is critical for predicting stress levels based on
time-series data. This ability to account for temporal patterns makes LSTM
ideal for scenarios where emotional states may evolve over time, driven by the

continuous fluctuations in temperature and humidity.

Each model was trained using a 70-30% split for training and testing data. We
performed hyperparameter tuning for each algorithm using grid search and cross-
validation to optimise model performance.

* Model Evaluation: The models were evaluated using various performance metrics,
including accuracy, precision, recall, and F1 score. We also assessed the ability
of each model to predict stress levels based on historical temperature and humidity
values, simulating a 30 min prediction window to enable early intervention in real-
world scenarios.

5.4.4 System Architecture

This system is designed to enable continuous environmental data collection and real-time
analysis for stress level prediction. The system architecture is illustrated in Figure 5.1, which
provides a detailed representation of the integration between data collection, processing,
and predictive analysis.

The system comprises the following key components:

* IoT Devices: These devices are equipped with sensors to continuously monitor tem-
perature and humidity levels, which are critical environmental factors influencing
emotional states. The real-time data collected by these sensors form the foundation for

predicting stress levels by capturing fluctuations in environmental conditions.
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* Data Collection and Processing Platform: This platform handles the acquisition
and preprocessing of sensor data using Python libraries such as pandas and NumPy.
The preprocessing workflow includes addressing missing values, normalising tempera-
ture and humidity, and calculating z-scores to standardise the data. This ensures the

data are clean and ready for machine learning model training and real-time predictions.

* Data Processing and Machine Learning Framework: The processed data are utilised
to train and evaluate multiple machine learning models, including Logistic Regression
(LR), Support Vector Machines (SVM), and Long Short-Term Memory (LSTM) net-
works. Training is performed using a 70-30% train—test data split, with hyperparameter
tuning applied to optimise model performance. These models are rigorously evaluated
using metrics such as accuracy, precision, recall, and F1 score to ensure dependable

predictions of stress levels.

* Model Deployment: The trained machine learning models are deployed to provide
real-time predictions of emotional states based on live environmental data. The models
categorise stress levels into five predefined categories, enabling dynamic assessment of a

user’s emotional well-being in response to current temperature and humidity conditions.

)
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b Real-time Stress Level
Detection / Prediction

@2
Real-time Data
—
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z-score
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Processing Platform

Fig. 5.1 System Architecture: A comprehensive framework integrating IoT devices, data
processing platforms, and machine learning models for real-time stress monitoring and pre-
diction.
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5.5 Results and Experiment

This section presents the experimental results based on the three datasets, focusing on the
analysis of temperature and humidity levels in enclosed environments and their relationship
with emotional states. The following experiments evaluate the effectiveness of the proposed
system using three machine learning models: Logistic Regression (LR), Support Vector
Machine (SVM), and Long Short-Term Memory (LSTM).

5.5.1 Performance of Machine Learning Models

Table 5.2 provides a comprehensive summary of the performance of three machine learning
models—Logistic Regression (LR), Support Vector Machines (SVM), and Long Short-
Term Memory (LSTM) networks—in classifying stress levels based on environmental data.
The evaluation metrics include accuracy, precision, recall, and F1 score, offering a detailed

assessment of each model’s effectiveness.

Table 5.2 Performance Metrics of Machine Learning Models for Stress Level Classification.

Model Accuracy (%) Precision (%) Recall (%) F1 Score (%)
LR 96.04 94.34 96.04 95.18
SVM 97.95 96.22 97.95 97.07
LSTM 70.03 49.00 70.03 56.65

The results highlight that the SVM model outperformed the others, achieving the highest
accuracy (97.95%) and demonstrating balanced performance across all metrics. The Logistic
Regression (LR) model also performed well, with a slightly lower accuracy of 96.95%.
In contrast, the LSTM model showed moderate performance, with an accuracy of 70.03%
but significantly lower precision (49%), likely due to the limited size of the training dataset
and a lack of diverse temporal patterns in the environmental data. These findings suggest
that while SVM is the most suitable for stress level classification in this context, the LSTM
model’s performance may be improved with further optimisation, such as hyperparameter
tuning (e.g., adjusting learning rate, number of layers, and units per layer) and by using a
more suitable dataset with stronger temporal dependencies. In addition, the lack of diverse
temporal features in the dataset may have limited LSTM’s ability to capture important
patterns, potentially limiting its ability to improve prediction accuracy. This insight opens
avenues for future work, where temporal models like LSTM might perform better with more
data or refined feature engineering.
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5.5.2 Predictive Accuracy

Figure 5.2 illustrates a comparative analysis of the predictive accuracy of the three machine
learning models—Logistic Regression (LR), Support Vector Machines (SVM), and Long
Short-Term Memory (LSTM) networks—based on their classification results. The chart
highlights that the SVM model consistently outperformed LR and LSTM across all evalu-
ation metrics, including precision, recall, and F1 score. This visual comparison validates
the robustness and reliability of the SVM model for classifying stress levels using static

environmental data.
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Fig. 5.2 Comparison of Precision, Recall, and F1 Score Across Machine Learning Models:
SVM Outperforms LR and LSTM in Handling Static Environmental Data.

Each model’s performance was further analysed using confusion matrices for the five
stress level categories: Very Low, Low, Medium, High, and Very High. These matrices
provided detailed insights into the models’ classification capabilities and highlighted areas
for potential improvement. The following subsections discuss the key findings from this
evaluation in detail, focusing on each model’s strengths and limitations in addressing the
classification task.

5.5.3 Class Imbalance and Model Performance

Figures 5.3-5.5 illustrate the impact of class imbalance on the performance of the Logistic
Regression (LR), Support Vector Machine (SVM), and Long Short-Term Memory (LSTM)
models. The dataset is dominated by the “Very Low” and “Very High” classes, which skew

model performance towards these categories. While all models demonstrate high accuracy
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for the “Very Low” class, their ability to correctly classify the “Low”, “Medium”, and “High”
classes is significantly limited.

Confusion Matrix for Logistic Regression
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Fig. 5.3 Confusion Matrix for Logistic Regression (LR): The model performs well for
dominant classes but struggles with mid-range categories.

Logistic Regression
As shown in Figure 5.3, the strengths and weaknesses of the LR model are as follows:

» Strengths: The LR model correctly predicts 113,195 instances for the “Very Low”
class and 6621 instances for the “Very High” class, showcasing its strong performance
on the dominant classes.

* Weaknesses: The model struggles with mid-range classes, misclassifying 625 in-
stances of “Very High” as “Very Low” and 124 instances of “Very Low” as “Very
High”. This indicates limited capacity to differentiate between these mid-range stress
levels.

Support Vector Machine

As depicted in Figure 5.4, the SVM model exhibits the following strengths and weaknesses:
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Confusion Matrix for SVM
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Fig. 5.4 Confusion Matrix for Support Vector Machine (SVM): The model shows improved
accuracy for “Very High” and slight improvements for “Low” and “Medium” classes.

Confusion Matrix for LSTM
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Fig. 5.5 Confusion Matrix for Long Short-Term Memory (LSTM): The model excels in
predicting “Very High” but fails entirely for “Low”, “Medium”, and “High” classes.
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* Strengths: SVM improves predictions for the “Very High” class with 7166 correct
predictions. It also demonstrates marginal improvement over LR in identifying “Low”

(16 correct predictions) and “Medium” (6 correct predictions) classes.

* Weaknesses: Despite improvements, the SVM model misclassifies the majority of
“Medium” and “High” instances as “Very Low”, highlighting its difficulty with under-
represented classes.

Long Short-Term Memory

Figure 5.5 shows the strengths and weaknesses of the LSTM model:

 Strengths: LSTM achieves comparable results to SVM and LR for the “Very Low”
class, with 113,329 correct predictions. It also performs the best among the three

models for the “Very High” class, achieving 7246 correct predictions.

* Weaknesses: The LSTM model fails to predict any instances of the “Low”, “Medium”,
and “High” classes, misclassifying them all as “Very Low”. This suggests significant
overfitting to dominant class patterns, likely due to insufficient representation of

minority classes in the training data.

Comparative Insights

Across all three models (Figures 5.3-5.5), the significant class imbalance skews predictions

heavily towards the “Very Low” and “Very High” categories:

* SVM (Figure 5.4) demonstrates slightly better performance for the “Low” and “Medium”
classes compared to LR and LSTM.

* LSTM (Figure 5.5) outperforms both LR and SVM for the “Very High” class but
performs poorly for mid-range classes due to overfitting.

These findings highlight the need for techniques to address class imbalance, such as
oversampling minority classes or employing advanced cost-sensitive learning methods to

improve classification performance for underrepresented categories.

5.6 Discussion

This study investigated the integration of IoT technology with machine learning models to
classify stress levels based on environmental factors, specifically temperature and humidity.
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The results highlighted the effectiveness of various machine learning approaches, focusing on
Logistic Regression (LR), Support Vector Machine (SVM), and Long Short-Term Memory
(LSTM) networks. Fuzzy logic was also employed to enhance the classification process,
particularly in dealing with the inherent uncertainty and variability in the environmental data.
This section discusses the implications of these findings, the limitations of the proposed

methodology, and potential avenues for future work.

5.6.1 Analysis of Model Performance

The comparative evaluation of LR, SVM, and LSTM models provided critical insights
into their performance. LR and SVM demonstrated high accuracy and precision, making
them well-suited for scenarios where computational efficiency and reliability are essen-
tial. However, their limitations in capturing temporal dependencies in environmental data
were evident.

The LSTM model, which is designed to leverage sequential data, showed moderate
performance relative to LR and SVM. While it excelled in identifying temporal trends and
fluctuations, its overall accuracy and F1 score were comparatively lower. This discrepancy
may stem from the limited size of the training dataset or suboptimal hyperparameter configu-
rations. Nevertheless, the LSTM’s capacity to forecast stress-inducing conditions highlights

its potential for real-time applications requiring predictive capabilities.

5.6.2 Impact of Environmental Factors

The analysis revealed a strong correlation between environmental factors—temperature,
humidity—and stress levels. These findings align with existing research, confirming that
elevated temperatures and humidity levels are associated with higher stress. The thresholds
identified for temperature and humidity provide actionable insights for designing inter-
ventions, particularly in enclosed environments such as offices and homes. These results
underscore the importance of addressing environmental conditions as a critical factor in

emotional well-being.

5.6.3 Limitations

Several limitations of this study must be acknowledged. Firstly, the dataset was specific
to tropical cities, which may limit the generalisability of the findings to other climates and
populations. Expanding the dataset to include a broader range of environmental conditions
and user demographics could improve the robustness and applicability of the models.
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Secondly, while the models effectively classified stress levels, relying solely on tempera-
ture and humidity as predictors may oversimplify the complex nature of stress. Incorporating
additional variables, such as air quality, noise levels, or physiological data (e.g., heart rate),
could provide a more holistic understanding of emotional states.

Lastly, labelling stress levels based on predefined thresholds for temperature and hu-
midity may not account for individual differences in stress responses. Future work should
explore personalised models that adapt to users’ unique sensitivities to environmental factors,

enhancing the system’s relevance and accuracy.

5.7 Conclusions

This study demonstrated the potential of integrating [oT and machine learning technologies
for stress classification using environmental data. LR and SVM models were shown to be
effective for classification tasks, while the LSTM model exhibited promise for predictive
applications. Despite certain limitations, the findings lay the groundwork for the development
of advanced stress monitoring systems that leverage real-time environmental data. By ad-
dressing the identified challenges and exploring proposed future directions, this work has the

potential to significantly enhance human well-being in smart environments.

Future Directions

Building on the current findings, several avenues for future research and development

are recommended:

* Dataset Expansion: Collecting larger datasets from diverse environments and popula-

tions will enhance model accuracy and generalisability.

* Feature Augmentation: Expanding input features to include physiological signals, ac-
tivity data, or contextual information will provide a more comprehensive understanding
of stress factors.

* Edge Device Deployment: Developing lightweight versions of the models for de-
ployment on edge devices can enable real-time stress monitoring and feedback in

resource-constrained settings.

* Adaptive Models: Designing adaptive models that learn individual users’ stress

responses over time can improve the system’s personalisation and accuracy.
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* Integrated Intervention Systems: Combining stress monitoring with intervention
mechanisms, such as environmental adjustments or relaxation prompts, can create a

holistic stress management solution.

* Data Augmentation and Class Imbalance Mitigation: Addressing the challenge
of class imbalance in stress detection systems, and incorporating techniques such
as oversampling, synthetic data generation, or cost-sensitive learning to create more
robust models, can improve performance and fairness, especially when dealing with

underrepresented stress levels in the data.

These directions aim to refine the system and broaden its applicability, ensuring a more

impactful contribution to the field of stress management and mental well-being.



Chapter 6

Prelude to Gamified AI-Driven
Depression Monitoring and Management

6.1 Introduction

Chapter 7 examines the behavioural and user-engagement dimension of the proposed IoT-
based depression management approach. It presents a gamified Al-driven system that
combines therapeutic micro-games, adaptive self-reporting, environmental context, and
machine learning analytics and is designed to support depression monitoring and self-
regulation. In this chapter, the term therapeutic micro-games refers to brief game-based
activities designed with therapeutic or well-being-oriented objectives. The role of Chapter 7
in the thesis is to explore how an IoT-based mental health system can move beyond passive
sensing and prediction toward active user interaction, reflection, and personalised feedback.
This chapter builds on the earlier systematic review, which identified fragmentation in loT-
based depression and emotional well-being systems, and on the contextual chapter, which
examined environmental data as a potential interpretive layer. Together, these links position
Chapter 7 as the behavioural and interaction layer that connects contextual sensing with the
later loTMindCare reference architecture in Chapter 9.

Building on the contextual perspective established in Chapter 5, this chapter focuses on the
behavioural and user-engagement aspects of IoT-based depression management. The design
of a mental health monitoring system should also consider how users may be encouraged
to interact with it, reflect on their emotional state, and receive feedback relevant to their
changing circumstances [123]. This is particularly important in depression management,
where low motivation, fatigue, cognitive dysfunction, psychomotor slowing, and social
withdrawal can reduce a person’s capacity or willingness to engage with self-guided digital
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tools [124, 125]. Therefore, this chapter shifts the thesis from the contextual sensing layer to
the behavioural and interaction layer. It examines how [oT-based mental health monitoring
can incorporate more engaging and adaptive forms of interaction that may support reflection
and self-regulation, rather than merely functioning as a passive data-collection system.

Digital mental health tools have strong potential to expand access to support, but many
systems struggle with long-term engagement, retention, and real-world use [126, 123].
Engagement is not only a usability consideration in this context; it can influence the continuity
of data collection, opportunities for timely feedback, and users’ ongoing interaction with
digital support tools between clinical or informal care interactions [127]. Systematic reviews
of digital mental health interventions have emphasised the need for better engagement
strategies, personalisation, reminders, feedback, and user-centred design [128, 123].

Gamification has been proposed as one approach that may support motivation and
adherence by embedding reflective or well-being-oriented tasks within interactive expe-
riences [129]. At the same time, ecological momentary assessment and adaptive daily
surveys can support real-time emotional monitoring while reducing recall bias and improving
contextual accuracy [130]. Al-enabled analytics may support these systems by examining
patterns across behavioural, emotional, cognitive, and contextual data, with the potential to
inform more adaptive feedback and support strategies rather than relying solely on fixed,
non-personalised models [131].

Chapter 7 presents a gamified Al-driven system for depression monitoring and man-
agement that integrates therapeutic micro-games, adaptive surveys, environmental context,
and machine learning analytics within a unified platform. The chapter focuses on how user
engagement, self-reporting, contextual information, and Al-based analysis can be combined
to explore how they may support depression monitoring, user reflection, and self-regulation,

while addressing the need for more integrated and adaptive mental health technologies.

6.2 Role of Chapter 7 in the Thesis

Within the overall thesis, this chapter contributes a user-facing and engagement-oriented
design perspective that later informs the integrated architecture. The systematic review
identified fragmentation in existing loT-based depression monitoring systems and motivated
a more integrated approach. Chapter 5 explored contextual sensing through environmental
data, and Chapter 7 extends this development by exploring how users may interact with
the system through game-based tasks and adaptive self-reporting, while behavioural and
contextual indicators are collected to inform Al-based analysis.



6.2 Role of Chapter 7 in the Thesis 73

Chapter 7 is positioned as a bridge between contextual data collection and the later
architecture-level contribution of the thesis. It illustrates how the design of mental health
monitoring systems can move beyond passive observation by incorporating more interactive,
personalised, and adaptive mechanisms. The gamified components are not included solely
for entertainment; they serve as low-burden interaction points through which cognitive
performance and response patterns can be recorded over time, while mood and engagement-
related information can be obtained through self-reporting and interaction data. Similarly,
the adaptive survey component supports self-reflection while generating structured emotional
data that can be combined with environmental and behavioural inputs.

The main contribution of this chapter is the design and simulation-based evaluation of a
gamified Al-driven system that supports both depression monitoring and self-regulation. The

chapter contributes to the thesis in four main ways:

1. Demonstrating how gamified micro-interventions can be incorporated into an IoT-
based mental health platform, with the aim of encouraging repeated user interaction
and capturing behavioural indicators relevant to depression.

2. Showing adaptive survey logic in a simulation-based setting as a potential approach
to reducing repetitive prompts while retaining self-reported emotional information.

Actual reductions in user burden were not empirically evaluated.

3. Extending the contextual argument developed in the previous chapter by incorporat-
ing environmental variables such as temperature and humidity into the behavioural

monitoring process.

4. Providing a simulation-based evaluation framework that allows machine learning

models and adaptive logic to be tested safely before real-world deployment.

The use of synthetic data is important at this stage of the thesis. Because mental health
data is sensitive, early testing with simulated users allows the system logic, model pipeline,
and adaptive feedback mechanisms to be explored without exposing real participants to risk.
Chapter 7 provides a simulation-based design exploration that can inform future empirical

evaluation using real-world behavioural, physiological, and self-reported data.

6.2.1 Synthetic Data Generation, Label Construction, and Evaluation

Limitations

Chapter 7 presents a simulation-based evaluation using synthetic data. As described in

Section 7.5.2, the dataset comprised 3000 virtual users with 10-30 sessions each. Behavioural,
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cognitive, emotional, and environmental features were generated using normal, uniform,
and Poisson distributions, probabilistic relationships, and temporal variation. Selected
correlations (0.3-0.6) were introduced based on literature-informed assumptions.

As described in Section 7.5.4, depression-related scores were calculated using weighted
combinations of the generated features, normalised to [0, 1], and converted into binary
labels using the median threshold. The exact numerical weights, their signs, and median
tie-handling rules were not fully specified. These labels represent synthetic classifications.

Chapter 7 is an exploratory demonstration of gamified interaction, adaptive surveys, and
machine learning integration. Future evaluation requires independent clinical outcomes,

participant-disjoint validation, and real-world longitudinal data.

6.3 Connection to Subsequent Chapters

By introducing a gamified, adaptive system, Chapter 7 strengthens the thesis that effective
IoT-based depression monitoring requires more than sensors and prediction models. It
also requires mechanisms for engagement, self-awareness, personalisation, and contextual
interpretation. These ideas directly inform the later architecture in Chapter 9, where the
different layers of sensing, analytics, feedback, safety, and stakeholder interaction are brought
together into a broader reference architecture.

Chapter 7 presents the design, implementation, and simulation-based evaluation of this
gamified Al-driven system. It is an engagement-oriented contribution within the larger thesis,
showing how IoT-based mental health monitoring can become more interactive, adaptive,
and supportive for users while also providing a research-ready platform for testing future Al

models and intervention strategies.



Chapter 7

A Gamified AI-Driven System for
Depression Monitoring and Management

7.1 Abstract

Depression affects millions of people worldwide and remains a significant challenge in
mental health care. Despite advances in pharmacological and psychotherapeutic treatments,
there is a critical need for accessible and engaging tools that help individuals manage their
mental health in real time. This paper presents a novel gamified, Al-driven system embedded
within Internet of Things (IoT)-enabled environments to address this gap. The proposed
platform combines micro-games, adaptive surveys, sensor data, and Al analytics to support
personalized and context-aware depression monitoring and self-regulation. Unlike traditional
static models, this system continuously tracks behavioral, cognitive, and environmental
patterns. This data is then used to deliver timely, tailored interventions. One of its key
strengths is a research-ready design that enables real-time simulation, algorithm testing,
and hypothesis exploration without relying on large-scale human trials. This makes it
easier to study cognitive and emotional trends and improve Al models efficiently. The
system is grounded in metacognitive principles. It promotes user engagement and self-
awareness through interactive feedback and reflection. Gamification improves the user
experience without compromising clinical relevance. We present a unified framework, robust
evaluation methods, and insights into scalable mental health solutions. Combining Al IoT,
and gamification, this platform offers a promising new approach for smart, responsive, and

data-driven mental health support in modern living environments.
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Publication Note

This chapter is based on the published article:

Zamani, S., Rostami, A., Nguyen, M., Sinha, R., & Madanian, S. (2025). A gamified
Al-driven system for depression monitoring and management. Applied Sciences, 15(13),
7088.

The published article is available online via https://doi.org/10.3390/app15137088.

The remainder of this chapter is based on the published article, with minor formatting

adjustments made to align it with the structure and argument of this thesis.

7.2 Introduction

Depression affects over 280 million people worldwide and is a major global health challenge.
It is marked by ongoing sadness, distorted thinking, and a loss of interest or pleasure. Beyond
its personal toll, depression has wide-reaching social and economic impacts [4]. Many people
still lack acceptable treatment due to barriers like limited access, high costs, and a lack of
personalized care. Digital mental health tools offer scalable alternatives but often fail to
keep users engaged, adapt to individual needs, or use real-life behavioral and contextual data
effectively [132].

To address these limitations, recent work has explored complementary approaches. Gami-
fication enhances engagement and adherence by embedding therapeutic goals into interactive
micro-games [129]. Environmental sensing captures contextual variables such as temperature
and humidity, which influence mood fluctuations [24]. Ecological momentary assessments
(EMAs), implemented via adaptive daily surveys, support real-time self-reflection and mini-
mize recall bias [133]. Furthermore, artificial intelligence (AI) enables dynamic behavior
modeling over time, supporting early detection of mental health deterioration and delivering
personalized feedback.

The significance of this research lies in its holistic integration of these complementary
strategies. While prior studies have examined these components in isolation, few have
unified them into a coherent, interactive, and research-ready platform. The core objective
of this study is to design, implement, and evaluate an Al-driven framework that synthesizes
gamification, adaptive assessment, and environmental sensing to support both individual
self-regulation and scalable mental health research.

To guide this investigation, we pose the following research questions:

* RQ1: Can integrating gamified micro-interventions, adaptive ecological surveys, and

environmental sensing enhance the early detection of depressive symptom patterns?



7.2 Introduction 77

* RQ2: How can an Al-enabled digital mental health system dynamically personalize

user experiences based on multimodal behavioral and contextual inputs?

* RQ3: How can such a system support end-user self-regulation and researcher-led

experimentation within the same operational framework?

To address these questions, we developed a modular digital platform comprising a
mobile app, a secure cloud-based infrastructure, and an Al-powered analytics engine. The
system collects multimodal data through cognitive games, adaptive daily surveys, and
environmental sensors. A synthetic dataset was generated to simulate diverse behavioral
patterns, and predictive models were trained using stratified sampling and cross-validation.
The platform was evaluated through scenario-based simulations to assess its capability for
pattern recognition, risk estimation, and personalized feedback delivery.

This research illustrates how a digital mental health tool can serve therapeutic and research
functions by embedding real-time analytics, adaptive user feedback, and simulation tools into
a unified system. The platform’s design fosters self-awareness and metacognitive regulation,
helping users shift from maladaptive thought patterns to healthier strategies while enabling
researchers to refine algorithms and hypotheses in real time, iteratively. While synthetic data
enables controlled testing of the system’s logic and Al models, future studies will involve
empirical validation using real-world behavioral and physiological data. This will allow for
evaluation under naturalistic conditions and improve clinical applicability.

This work makes three key contributions:

» System design: A novel, Al-driven architecture integrating gamified micro-interventions,

adaptive surveys, and environmental data for depression monitoring.

* Simulation and evaluation framework: A synthetic data pipeline for safe, large-scale

testing and validation of mental health algorithms.

* Dual functionality: A unified platform serving user self-regulation and researcher

experimentation, simultaneously advancing clinical and scientific goals.

This paper is structured as follows: Section 7.3 reviews foundational literature on gamifica-
tion, EMAs, and Al in mental health. Section 7.4 outlines the system architecture and design
rationale. Section 11.5 presents the experimental methodology, and Section 11.6 discusses key
challenges and future directions. Through this integrative framework, we aim to inform the

development of responsive, scalable, and clinically relevant digital mental health solutions.
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7.3 Background and Related Works

This section reviews foundational work on digital mental health tools, focusing on gamifica-
tion, adaptive daily surveys, Al-based personalization, and the role of environmental features.
These themes inform the design and direction of the proposed system and highlight critical

areas where existing approaches can be extended or improved.

7.3.1 Gamification in Mental Health Tools

Gamification, applying game design elements such as rewards, feedback, and progression,
has gained traction in digital mental health interventions. Systems like SuperBetter and
SPARX have demonstrated measurable improvements in resilience and mood, showing that
game-like experiences can enhance user motivation and therapeutic outcomes [134, 135].

However, many implementations adopt a fixed design that does not evolve with the
user’s emotional state, preferences, or behavioral changes over time [129, 136]. This static
approach may limit sustained engagement, particularly for users experiencing mood or
cognitive functioning fluctuations. Emerging studies advocate for more adaptive frameworks
in which gamified elements adjust based on user behavior or input and where Al plays a
central role in guiding difficulty, pacing, and feedback [137, 138]. Recent reviews have
emphasized the need for personalization in digital interventions to maintain user interest and
relevance over time [139].

7.3.2 Adaptive Daily Surveys for Emotional Monitoring

Daily surveys are a widely used tool for emotional check-ins in mobile mental health
applications, ranging from structured clinical scales like the Patient Health Questionnaire
(PHQ-9) and Generalized Anxiety Disorder scale (GAD-7) to app-specific, simplified self-
report instruments. These tools facilitate self-reflection, early symptom recognition, and
tracking emotional trends over time [140].

Nonetheless, survey fatigue is a common concern, especially when users are presented
with the same set of questions each day. Repetitive and non-contextual prompts can lead to
disengagement or incomplete data capture [141]. Researchers have explored adaptive surveys
that personalize content based on prior responses, mood history, or contextual factors such as
time of day or recent behavior [142, 143]. Adaptive assessments have also shown promise
in improving both adherence and the ecological validity of collected data, especially when

aligned with users’ daily routines [144]. When thoughtfully combined with gamification
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elements and feedback mechanisms, adaptive surveys can enhance user experience while

preserving data richness and emotional accuracy.

7.3.3 Al for Personalized Depression Support

Artificial intelligence has become essential for identifying depression-related signals from
diverse data sources. Techniques such as natural language processing (NLP), supervised
learning, and deep neural networks have been applied to detect depressive symptoms from
text entries, speech patterns, facial expressions, and mobile usage data [145].

Many approaches rely on passive data collection and generalized models, which may not
fully capture individual variations in emotional expression or symptom progression [146].
A growing number of research points toward the benefits of integrating self-report data,
behavioral patterns, and environmental signals to create more comprehensive, responsive
systems [20]. In particular, in depression, combining multiple data streams and incorporating
adaptive learning techniques, such as reinforcement learning, can significantly improve early
detection and personalized feedback. Some studies also stress the importance of explainable
AI (XAI) to increase user trust and interpretability in clinical contexts [147].

Recent large-scale advancements further support this direction. Zhong et al. [148] in-
troduced a conversational system using large language models (LLMs) that achieved 89%
precision in depression detection, outperforming standard clinical tools like the PHQ-9. Sim-
ilarly, Qiu et al. [149] developed EmoAgent, a multi-agent Al framework designed to ensure
emotional safety and stability during human—AlI interaction. These systems demonstrate
the growing feasibility of real-time, Al-guided mental health monitoring and validate our
system’s integration of adaptive feedback and explainability.

7.3.4 Environmental Context: Temperature and Mood

Environmental conditions, especially temperature, play a substantial role in shaping emotional
states. Elevated temperatures have been linked to psychological distress, irritability, and
reduced cognitive performance due to their physiological impact [150, 151]. Conversely,
moderate temperatures have been associated with greater emotional stability and improved
mood regulation [102].

Seasonal changes, including variations in sunlight and temperature, have also been impli-
cated in depressive conditions such as seasonal affective disorder (SAD), which tends to peak
in winter months [152]. Despite this, many digital mental health systems do not consider
the environmental context when assessing or responding to user states. Integrating environ-

mental data streams such as weather or ambient light may enable more context-sensitive
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interventions and help explain periodic mood shifts [153]. This presents a largely untapped
opportunity to enhance the timing and relevance of mental health support, particularly for
users sensitive to seasonal or climatic factors.

Complementing these findings, wearable-based sensing has shown promise in capturing
environmental and physiological data relevant to mental well-being. For instance, Bloomfield
et al. [154] reported that sleep quality indicators captured by the Oura Ring, such as
duration, heart rate variability (HRV), and respiratory rate, correlated with perceived stress.
Tang et al. [155] developed a deep learning—enabled smart garment that identified sleep
stages with 98.6% accuracy, while Fonseka and Woo [156] demonstrated successful clinical
applications of wearable pulse-oximetry for home-based mental health assessment. These
advances support our inclusion of ambient and sleep-related sensing for enhanced mood—state

prediction.

7.3.5 Motivation and Research Direction

These studies establish a solid foundation for digital mental health tools. However, there
remains a need for systems that can dynamically adapt to individual users, integrate diverse
data types, and balance clinical utility with user engagement. Current tools often operate within
narrow design scopes, focusing either on passive sensing, static interventions, or gamification in
isolation, without offering a holistic, interactive, and research-ready platform.

Furthermore, while many systems are designed for clinical efficacy, few prioritize user
agency, data transparency, or long-term engagement strategies, all critical for sustained use
in real-world settings. This research addresses these gaps by proposing an integrated system
that combines gamified micro-interventions, adaptive self-reporting, environmental sensing,
and Al-driven analytics. The goal is to support users and researchers through a flexible,
modular architecture that enhances engagement, personalization, and scientific exploration

in depression monitoring and management.

7.4 Materials and Methods: A Gamified AI-Driven System

This section describes the proposed gamified, Al-driven system for depression monitoring
and intervention. Developed with React Native 0.78 and Expo for cross-platform access, it
leverages AWS for secure, scalable data processing, real-time analytics, and synthetic data
generation. The system integrates therapeutic gameplay, adaptive surveys, environmental

context, and Al analytics into a unified digital mental health solution.
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7.4.1 System Architecture

The system employs a microservices-based, cloud-centric architecture grounded in human-
computer interaction and cognitive behavioral design principles [157, 158]. It consists of
three core layers:

* Multi-platform application: A cross-compatible user interface supporting Android,
108, and web platforms to ensure broad accessibility.

* Cloud-based infrastructure: A secure and scalable back end hosted on AWS, utilizing
DynamoDB (a NoSQL database) for efficient data storage and management. This

infrastructure supports API services, user authentication, and real-time data processing.

* Al analytics and simulation core: This layer leverages AWS SageMaker to implement
machine learning models that analyze user behavioral patterns, estimate risk levels
related to depressive symptom severity and relapse, and simulate synthetic scenarios for
testing intervention strategies. The risk estimation component assesses the likelihood
of adverse mental health episodes, enabling timely personalized interventions.

Multi-Platform Application

The application, developed with React Native and Expo, captures comprehensive behavioral
data using therapeutic micro-games, mood self-assessments, and adaptive surveys. Location-
based services, including weather data, capture environmental context to support affective
state modeling. All user interactions, timestamps, game metrics, and emotional feedback are
securely transmitted via AWS API Gateway.

Cloud-Based Infrastructure

AWS services [157, 158] underpin the system’s back end, enabling efficient data handling
and intelligent processing:

* API gateway: Manages secure requests between front-end and back-end.
* Lambda functions: Processes incoming data and triggers downstream workflows.

* DynamoDB: Stores structured user records, including mood logs and environmental
readings.

* Cognito: Handles authentication and personalized user access.
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» SageMaker: Facilitates model training, simulation, and batch inference.

Figure 7.1 illustrates the system architecture, including the flow from front-end data

capture to Al-powered insights.

AI Analytics and Simulation Core

The back-end infrastructure supports advanced analytics through AWS SageMaker and
Python-based ML integrations. Data fusion and time-series modeling are employed to identify
behavioral trends, predict mood variations, and deliver tailored feedback. Al models are
trained to analyze combined indicators, including gameplay performance, survey responses,
and environmental variables, offering insights into individual mental health trajectories.
Figure 7.2 displays a snapshot of stored user data, capturing gameplay metrics, mood ratings,

and contextual information.

7.4.2 System Component

The proposed system includes therapeutic micro-games, adaptive daily surveys, environmen-
tal data collection via location services, and Al-driven analytics. Figure 7.3 shows the main
application interface, allowing users to select games while weather data is contextualized in
real time.

Key components of the system are as follows:

* Therapeutic micro-games: The system incorporates lightweight micro-games de-
signed to assess and support cognitive and emotional functioning. These games target
attention span, decision-making speed, working memory, and error sensitivity, domains
that are frequently affected by depression and stress-related disorders. Prior research
has demonstrated that game-based tasks can capture fine-grained behavioral mark-
ers and serve as engaging interventions to support emotion regulation and cognitive
flexibility [159, 160]. Short, interactive games reduce friction and increase adher-
ence, making them suitable for frequent self-monitoring and low-intensity therapeutic
engagement. Figure 7.3 illustrates an example game interface.

* Adaptive daily surveys: The platform employs short daily self-report surveys grounded
in EMA principles, focusing on core themes such as mood, stress levels, energy, sleep
quality, social interaction, and cognitive clarity. Survey questions are context-aware
and adapt dynamically based on user history and behavioral data, ensuring relevance
while reducing repetition and survey fatigue. This adaptive approach enables high-
frequency yet low-burden mental health monitoring, enhancing the granularity and

accuracy of symptom tracking [130].
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Fig. 7.1 Physical view of the system architecture showing mobile front-end, AWS back-end
integration, and Al analytics components.

* Environmental context awareness: Real-time environmental data, including tem-
perature, humidity, and light exposure, are collected to provide contextual layers for
emotional assessment. This data is correlated with user-reported mood states to explore
environmental influences on mental well-being.

* Al-driven analytics: The platform leverages machine learning models to integrate data
from micro-game performance, adaptive surveys, and environmental sensors. These
models first identify hidden behavioral patterns and correlations, such as changes in
cognitive speed, mood variability, and environmental influences, indicative of emerging

depressive trends. By learning from historical data, the system can predict potential
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Fig. 7.2 Sample of stored user data including mood rating, location, and gameplay interaction
timestamps.

mental health risks and deliver real-time, personalized feedback aligned with each

user’s evolving profile.

7.4.3 Embedded Research Capabilities

The system includes a synthetic data generation module to support robust algorithm val-
idation by simulating user data across various depression states. This enables thorough
model evaluation without relying on real participants. Dynamic simulation protocols allow
researchers to explore scenarios like rapid mood decline or gradual recovery, offering insights
into symptom progression and intervention effects. Interactive dashboards display aggregated
insights, such as cognitive—emotional patterns and population trends, aiding hypothesis
testing and real-time validation of adaptive interventions.

Collectively, these components create a scalable, adaptable framework that combines Al

analytics with a user-centered design to improve depression support and research.

7.4.4 Technical Implementation Details

All modeling, data simulation, and evaluation processes were implemented in Python 3.10.

The primary tools used include the following:

* scikit-learn 1.4 for random forest and logistic regression models.
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Fig. 7.3 Main application interface showing game selection and real-time weather contextual-
ization, and the game page (Sudoku).

e TensorFlow 2.15 for the feedforward neural network model.

* NumPy 1.26, Pandas 2.2, and Matplotlib 3.8 for data processing and visualiza-

tion.

* elib for permutation-based feature importance analysis.
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7.5 Results: Simulation-Based Evaluation of Depression
Detection Models

7.5.1 Evaluation Objectives

This study presents a conceptual evaluation of an Al-augmented system for depression
monitoring, using synthetic data to simulate behavioral, cognitive, and contextual variability.

The evaluation is structured to assess:
* The capacity of Al models to classify depressive states from multimodal data.
* The feasibility of adaptive survey logic under evolving user states.

* The interpretability and robustness of learned models via visual analytics and feature

attribution.

7.5.2 Data Simulation Framework

A synthetic dataset was generated to simulate 3000 virtual users across multiple sessions.
Each user profile contains both static (such as baseline cognitive score) and dynamic variables
(such as mood score and reaction time). Environmental conditions (such as temperature
and humidity) and task metrics (such as accuracy and response latency) were also included,
informed by empirical ranges from prior clinical and digital mental health studies [24, 140,
144].

Variables were sampled using Gaussian or uniform distributions depending on empirical
variability, with relationships between features (such as sleep and mood, temperature and stress)
encoded based on findings from previous literature [150, 102, 153]. Environmental parameters
(temperature, humidity) and performance metrics (accuracy, latency) were correlated with vital
variables using probabilistic mappings to simulate realistic behavioral patterns.

A continuous depression-level score was assigned to each user based on the aggregation
of relevant behavioral and environmental indicators. This score was binarized using the
median as a threshold to create a balanced binary classification task. Users with scores above
the median were labeled as depressed, and those below as healthy. This approach establishes
a synthetic ground truth for classification and enables model performance evaluation under

controlled conditions.

Synthetic Dataset Structure

The dataset included the following main categories of features:
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* Behavioral features: game accuracy, average response latency, error rate, and interac-

tion frequency, representing engagement and performance under cognitive load.

» Cognitive features: baseline cognitive score, working memory load, and attention span

indicators were sampled from normal distributions informed by psychological literature.

* Emotional states: self-reported mood, stress level, and energy level, generated dynami-

cally across sessions to simulate fluctuating affective profiles.

* Contextual features: temperature, humidity, and time of day correlated probabilistically
with mood and behavioral responses based on findings from environmental psychology

studies.

* Temporal dynamics: each synthetic user had 10-30 sessions over time to introduce

variability in longitudinal patterns (such as fatigue, recovery trends, or mood swings).

The synthetic data schema emulated real-world variability by combining continuous,
ordinal, and binary variables. Gaussian noise and mild correlations (r = 0.3-0.6) were
injected between key variables (poor sleep and mood or between temperature and stress) to
reflect plausible, ecologically valid relationships observed in prior literature. These features
were selected based on their relevance to depressive symptomatology. For example, response
latency and game accuracy are linked to psychomotor slowing in depression, while mood
variability, stress, and low energy are core affective indicators. Contextual variables like
temperature and time of day affect circadian rhythms and mood regulation. Together, these
multimodal inputs support realistic simulation of depression-related behavioral and cognitive

states. Table 7.1 summarizes the structure of the synthetic dataset.
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Table 7.1 Structure of the synthetic dataset categorized by feature, data type, and generation

method.
Category | Feature Name Data Type | Generation Method
Game Accuracy Continuous | Sampled from a normal distribution
. Response Latency Continuous | Sampled from normal a distribution
Behavioral ] ]
Error Rate Continuous | Derived from gameplay
Interaction Frequency Count Poisson distribution
Baseline cognitive score | Continuous | Sampled from a normal distribution
Cognitive | Working Memory Load | Ordinal Mapped from the cognitive scale
Attention Span Ordinal Mapped from EMA
Mood Score Continuous | Fluctuates per session
Emotional | Stress Level Ordinal Dependent on temperature and performance
Energy Level Ordinal Correlated with stress and activity
Temperature Continuous | Realistic seasonal values
Contextual | Humidity Continuous | Realistic seasonal values
Time of Day Categorical | Random morning/afternoon/evening split
Temporal | Session Index (1-30) Integer Sequential with session-specific noise

7.5.3 Machine Learning Pipeline

Preprocessing

All features were normalized using z-score standardization to ensure comparability across

scales. The dataset was split into training (80%) and testing (20%) subsets using stratified

sampling to maintain class distribution. Cross-validation was subsequently employed to

validate generalizability.

Model Selection and Training

Three supervised classification models were implemented as follows. Each model was trained

on the preprocessed feature set, and hyperparameters were manually configured to reduce

overfitting while ensuring competitive baseline performance.

* Random forest: An ensemble of 100 decision trees using Gini impurity for feature splitting.

* Logistic regression: A regularized linear model optimized with the LBFGS solver.

* Neural network: A feedforward network with two hidden layers (64 and 32 neurons)

using ReLLU activation and trained with the Adam optimizer.
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Results Summary

Table 7.2 summarizes the classification performance across three machine learning models.
The random forest model achieved the highest overall accuracy (0.88) and F1 score (0.878),
suggesting it offered the most balanced performance in terms of precision and recall. The
neural network model showed the highest ROC-AUC (0.931), indicating strong discriminative
ability and potential for detecting subtle depressive patterns. While its F1 score was slightly
lower than that of random forest, its sensitivity to class separation could prove valuable in
future real-world scenarios.

Table 7.2 Model performance on simulated depression dataset.

Model Accuracy | Precision | Recall | F1 Score | ROC-AUC
Random Forest 0.880 0.887 0.869 0.878 0.915
Logistic Regression 0.670 0.685 0.616 0.649 0.723
Neural Network 0.865 0.883 0.838 0.860 0.931

While the logistic regression model was less accurate overall, its simplicity and inter-

pretability may be advantageous in clinical or resource-constrained settings. These findings
highlight a trade-off between accuracy and interpretability that will be further evaluated in

real-world studies.

In addition to classification metrics, our feature importance analysis (Figure 7.4) showed

that mood score and environmental features, such as temperature, were the most influential

predictors. This confirms the value of multimodal data integration.
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Fig. 7.4 Feature importance based on permutation analysis. Mood score, game accuracy, and
temperature are among the top contributors to prediction performance. This highlights the
value of integrating behavioral, cognitive, and environmental data.
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Furthermore, the adaptive survey simulation over a 12-week virtual period demonstrated
the system’s capacity to adjust to evolving user states, reducing question fatigue while
maintaining data relevance. This validates the theoretical design of the adaptive EMA logic
embedded in the platform.

Together, these results establish the proof-of-concept value of the proposed system.
The combination of high model performance, real-time personalization, and adaptive feed-
back highlights the system’s potential as both a research platform and a low-intensity self-
regulation tool for depression support.

Visualization and Feature Importance

Figure 7.5 presents the ROC curves for all models. The neural network achieved the best
area under the curve (AUC), followed closely by random forest. The confusion matrices
shown in Figure 7.6 offer additional insight into each classifier’s predictive performance and

behavior, highlighting their strengths and weaknesses in classifying the data.

ROC Curves
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Fig. 7.5 ROC curves for all three models. The neural network shows the highest AUC,
indicating strong discriminative performance. Random forest also performs well across all
thresholds. Logistic regression has lower sensitivity, especially at lower thresholds.

To assess the contribution of individual features to model predictions, we applied
permutation-based feature importance analysis, which measures performance degradation
when a feature’s values are randomly shuffled. Figure 7.4 shows results across all three

models, using the F1 score as the evaluation metric.
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Fig. 7.6 Confusion matrices for each classifier, showing predicted vs. actual labels. Random

forest and neural network both achieve high accuracy, with minimal false negatives. Logistic
regression shows more misclassifications, particularly in the depressed class.
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Across models, temperature, humidity, and mood score emerged as the most influential
predictors. These findings align with research linking psychomotor retardation, affective
disturbances, and cognitive dysfunction to depression. In contrast, temperature and humidity

had lower importance, indicating a more indirect influence in the simulated context.

7.5.4 Depression Scoring and Classification Algorithm

To assess depressive states, we followed a structured process involving data fusion, composite

scoring, and supervised classification:

1. Feature aggregation: Each synthetic user session included behavioral (such as game
accuracy and response latency), cognitive (such as baseline cognitive score, attention

span), and contextual (such as temperature and humidity) variables.

2. Weighted composite scoring: A continuous depression score D; was calculated for

each user session using the following equation:
n
Dl‘ = Z w j * X j
Jj=1

where x;; is the value of feature j for session i, and w; is its empirically assigned
weight based on relevance in the literature. For instance, mood variability and energy

received higher weights, while environmental features were assigned lower weights.

3. Normalization: Depression scores D; were min-max scaled to the [0, 1] range to
standardize the output across sessions.

4. Label assignment: The normalized scores were binarized using the dataset median.
Sessions with scores above the median were labeled as “depressed”, while those below
were labeled as “non-depressed”. This binarization enabled the construction of a

balanced binary classification task.

5. Model training: Supervised machine learning models—including random forest, logis-
tic regression, and neural networks—were trained to predict the binary depression label
using the complete feature set. We applied stratified sampling and cross-validation to

ensure robustness and generalizability.
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7.5.5 Adaptive Survey Logic Simulation

A longitudinal simulation was conducted over 12 virtual weeks to test adaptive survey logic.
Survey branching conditions were activated based on trends in fatigue and affective variability.
The adaptive system successfully adjusted question content and frequency in response to
user state changes, supporting its theoretical responsiveness.

7.5.6 Ethical Considerations

The pilot study involves no real-time data collection or live participants, relying entirely
on synthetic data. Ethical considerations ensure that the synthetic data generation process
remains unbiased and representative of real-world scenarios. Future real-world data collection
deployments will adhere to established ethical standards, including informed consent and data
privacy regulations. All analyses were conducted on fully synthetic data. No human subjects
were involved. Future deployments will adhere to ethical research standards, including

informed consent, data minimization, anonymization, and regulatory compliance, such as
GDPR and HIPAA.

7.6 Discussion

The proposed system offers a robust and novel digital mental health monitoring approach
by integrating gamification, adaptive EMAs, and Al-driven analytics within an IoT-enabled
framework. This section discusses the system’s performance, deployment implications, and
potential extensions.

The system integrates adaptive self-reporting, gamified micro-interventions, and contex-
tual sensing into a modular, real-time platform. Our simulation results confirm the feasibility

of using multimodal data to classify depressive patterns with high accuracy.

7.6.1 Validity of Synthetic Evaluation

Synthetic data enables flexible, early-stage evaluation by facilitating scenario testing, algo-
rithm validation, and stress testing without raising privacy or ethical concerns. Our synthetic
dataset was designed to capture realistic behavioral, cognitive, and environmental variability
based on empirical ranges reported in prior literature. This approach supports construct valid-
ity by simulating plausible depressive states, although it cannot fully replicate the complexity

and unpredictability of real-world human behavior.
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Model evaluation across three distinct classifiers, random forest, logistic regression, and
neural networks, showed consistently strong performance, with the neural network slightly
outperforming others (ROC-AUC: 0.931; F1 score: 0.860). These results suggest that the
chosen feature space is informative and that depressive patterns are learnable under simulated
conditions. We used stratified sampling, cross-validation, and identical training inputs across
models to strengthen internal validity and ensure fair comparisons.

To further validate the models’ design, the data were simulated using parameter distribu-
tions derived from mental health studies. This grounding in empirical findings adds realism
to the simulation process and offers confidence in early system performance.

However, generalizability (external validity) remains a key limitation. While the synthetic
data reflects diverse behavioral profiles, it may omit latent factors in real populations, such
as cultural influences or clinical comorbidities. We aim to address this by validating the
platform in upcoming user studies and providing naturalistic data for fine-tuning the models.
Ultimately, the synthetic framework enables agile testing of both system logic and adaptive
workflows before ethical and logistical challenges of real-world trials arise.

While synthetic evaluation offers a valuable foundation for prototyping and testing, it
is not a substitute for longitudinal, real-world validation. These results provide a proof of

concept. They are intended to guide future research using real-world data.

7.6.2 Adaptive and Context-Aware Modeling

The system’s ability to simulate adaptive surveys over time demonstrates its potential for
tracking evolving user states. The survey engine’s successful dynamic reconfiguration based
on mood and fatigue validates its applicability for long-term mental health monitoring.
Additionally, incorporating environmental variables (temperature, humidity) as contextual
factors enhances ecological validity, with their impact on model outputs supporting existing
research on environmental mood correlations.

This adaptive logic reduces user burden by limiting unnecessary or repetitive prompts
and improves the accuracy and personalization of emotional tracking over time. These
features position the platform as a sustainable digital mental health support tool, especially

in populations prone to disengagement from traditional, rigid app-based assessments.

7.6.3 Research Utility and Generalizability

The system’s simulation and dashboard modules turn it into an active research platform, en-
abling continuous monitoring, performance analysis, and hypothesis testing without repeated
real-world trials.
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Including visual analytics, such as confusion matrices, ROC curves, and feature impor-
tance plots, allows researchers to interpret model behavior and evaluate decision confidence
under different scenarios.

However, generalizability is limited by synthetic data, and real-world applications must address
issues like missing data, compliance variability, cultural differences, and comorbidities.

A future extension could incorporate transfer learning techniques to adapt the pre-trained
models to real-world contexts through transfer learning, improving the practical utility of the
system in diverse populations.

Another limitation of this work is the lack of direct benchmarking against existing
digital mental health tools or clinical gold standards such as PHQ-9, GAD-7, or commercial
platforms like Woebot and Wysa. This was primarily due to the synthetic nature of the dataset
and the early-stage focus on system architecture and feasibility. Future work will involve
empirical benchmarking using both self-report tools and clinician-validated assessments to
compare performance and user outcomes.

At this stage, the objective of the research is to test the hypothesis of having a gamified
Al-driven system for depression monitoring and management, and further studies using real

data and involving human interaction are required for the system’s design and validation.

7.7 Conclusions

This study presents a gamified, Al-driven system for monitoring and managing depression,
integrating therapeutic micro-games, adaptive ecological momentary assessments, environ-
mental context sensing, and machine learning analytics. Evaluated using synthetic data, the
platform was rigorously tested for classification accuracy, adaptability, and research potential
without immediate real-world data collection.

Evaluation results demonstrated high classification accuracy across models, with neural
networks achieving an ROC-AUC of 0.931. Feature importance analysis confirmed the
relevance of cognitive, emotional, and environmental variables, validating the platform’s
multimodal design. Neural networks and random forest models outperformed logistic
regression across all metrics. While logistic regression offered interpretability, it performed
less well on both the F1 score and ROC-AUC. Temperature, humidity, and mood score were
identified as the most influential features, consistent with established clinical indicators of
depression.

Beyond prediction, the system innovates in adaptive user interaction. Importantly, this
system is not intended to replace specialized human intervention but to act as a complementary

tool. It offers scalable, real-time support that can bridge gaps in care or assist in self-regulation
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between professional sessions, particularly in underserved or low-resource contexts. The
longitudinal simulation of survey branching and real-time question adaptation validates the
logic engine, which is crucial for sustained user engagement and high-quality data collection.
Integrating environmental variables like temperature and humidity adds context-awareness to
mental health assessment.

The system’s dual functionality, supporting both real-time user feedback and research

experimentation, makes it a flexible platform for advancing mental health technologies.

Future Work

The next phase will involve real-world pilot deployments to assess system performance with
live data, evaluate long-term user engagement, and improve model generalizability. Integra-
tion with passive sensing via wearables and smartphones, including objective monitoring
of sleep, activity, and physiological signals, will enhance multimodal data collection. The
platform’s potential to address other conditions, such as anxiety and stress, will also be
explored, advancing it from a conceptual prototype to a scalable clinical tool. This will
support more precise, continuous monitoring and improve model robustness in real-world
settings.

We plan to conduct empirical benchmarking using established clinical metrics (e.g., PHQ-
9 accuracy, engagement retention, symptom tracking sensitivity), comparing our system with
tools like Woebot, Wysa, and Moodpath [145].



Chapter 8

Prelude to the IoTMindCare Reference
Architecture

8.1 Introduction

Chapter 9 responds to the lack of an integrated architectural foundation for IoT-based depres-
sion monitoring and management and marks the thesis’s shift toward an architecture-level
contribution. Existing IoT-based mental health systems often present useful individual ca-
pabilities, such as sensing, mood tracking, self-reporting, anomaly detection, and feedback
delivery, as discussed in Chapters 3, 5, and 7. However, these capabilities are frequently
developed as separate components rather than as parts of a coherent system. This fragmenta-
tion creates challenges for integration, interoperability, safety management, personalisation,
stakeholder involvement, and future extension. An integrative reference architecture should
organise contextual and behavioural data, adaptive analytics, safety-oriented mechanisms,
user-facing feedback, and caregiver or clinician involvement within a coherent system struc-

ture.

8.2 Technical Context and Rationale

IoT-based depression management systems present several architectural challenges. First, the
system must support multimodal and heterogeneous data sources, including wearable devices,
environmental sensors, mobile applications, self-report tools, and behavioural indicators.
These data sources differ in availability, reliability, sampling frequency, user burden, and
privacy sensitivity. A suitable architecture must accommodate different device configurations
and support fallback strategies when particular devices or data streams are unavailable.
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Depression monitoring and management require more than data collection and prediction.
The system must include mechanisms for interpreting data in context, adapting to individual
user baselines, generating feedback, and escalating potential risks when needed. This makes
safety and personalisation architectural concerns rather than isolated application features.
Safety requires timely detection, appropriate escalation, and reduction of missed high-
risk events, while personalisation requires adaptation to individual behaviour, preferences,
available devices, and changing circumstances.

The system must also balance local responsiveness with long-term analytics. Edge
processing can support privacy, low latency, and continued operation during connectivity
interruptions, while cloud processing can support longitudinal analysis, model updates, and
broader personalisation. The architecture needs to define how responsibilities are distributed
across edge devices, cloud services, and user or caregiver interfaces. These requirements

motivate the use of a hybrid edge-cloud structure in the proposed architecture.

8.3 Contribution of Chapter 9

The main contribution of Chapter 9 is the development of loTMindCare, a reference ar-
chitecture designed to support safe and personalised loT-based depression monitoring and
management. The chapter uses architectural design principles to organise the system around
functional requirements, technical constraints, and quality attribute scenarios. Attribute-
Driven Design is used to structure the architecture around the identified quality attributes,
while trade-off analysis examines how architectural decisions may affect safety, personalisa-
tion, latency, privacy, and adaptability. In particular, safety and personalisation are treated as
primary quality attributes, reflecting the central concerns of the thesis.

The chapter contributes to the thesis by consolidating lessons from the literature into
a structured architectural model. It defines the major layers and components required
for IoT-based depression management, including sensing, network and communication,
data processing and storage, service logic, and user-facing interfaces. It also introduces
safety-related and personalisation mechanisms, including anomaly detection, escalation
pathways, feedback integration, user-specific thresholds, and adaptation to heterogeneous
device configurations.

In addition, Chapter 9 conducts an architecture-level evaluation of the proposed design
through architectural views, quality attribute scenarios, and trade-off analysis. This evaluation
shows how different design decisions support or constrain the desired system qualities,
particularly safety and personalisation. Chapter 9 provides a design foundation that can
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inform future simulation, prototype development, expert refinement, implementation studies,
and empirical evaluation.

It is important to distinguish the architecture-level evaluation from empirical validation of
system performance. The ATAM-informed analysis examines how the proposed architectural
decisions address safety and personalisation requirements and identifies relevant trade-offs.
Similarly, the deployment view specifies the intended allocation of components across edge
and cloud resources. The findings of Chapter 9 should be interpreted as supporting architec-
tural plausibility and design-level requirements coverage, with operational verification and

clinical validation remaining future work.

8.4 Connection to Chapter 11

Chapter 9 establishes the initial integrative architecture for the thesis. However, a reference
architecture for depression management must also be examined in relation to expert judge-
ment, stakeholder expectations, safety concerns, and practical feasibility. Chapter 11 builds
on loTMindCare through an expert-informed refinement study incorporating technical and
clinical perspectives.

This transition is important because the architecture presented in Chapter 9 is developed
from literature, architectural reasoning, and system design methods. Chapter 11 strengthens
this work by considering how the proposed architecture can be reviewed and refined through
expert input. In doing so, the thesis moves from proposing an integrative architecture to
examining how that architecture can be improved in light of clinical, technical, ethical, and

implementation-related considerations.



Chapter 9

IoTMindCare: An Integrative Reference
Architecture for Safe and Personalized
IoT-Based Depression Management

9.1 Abstract

Depression affects millions of people worldwide. Traditional management relies heavily
on periodic clinical assessments and self-reports, which lack real-time responsiveness and
personalization. Despite numerous research prototypes exploring Internet of Things (IoT)-
based mental health support, almost none have translated into practical, mainstream solutions.
This gap stems from several interrelated challenges, including the absence of robust, flexible,
and safe architectural frameworks; the diversity of 10T device ownership; the need for further
research across many aspects of technology-based depression support; highly individualized
user needs; and ongoing concerns regarding safety and personalization. We aim to develop
a reference architecture for loT-based safe and personalized depression management. We
introduce loTMindCare, integrating current best practices while maintaining the flexibility
required to incorporate future research and technology innovations. A structured review
of contemporary loT-based solutions for depression management is used to establish their
strengths, limitations, and gaps. Then, following the Attribute-Driven Design (ADD) method,
we design loTMindCare. The Architecture Trade-off Analysis Method (ATAM) is used to
evaluate the proposed reference architecture. The proposed reference architecture features
a modular, layered logical view design with cross-layer interactions, incorporating expert
input to define system components, data flows, and user requirements. Personalization

features, including continuous, context-aware feedback and safety-related mechanisms, were
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designed based on the needs of stakeholders, primarily users and caregivers, throughout
the system architecture. ATAM evaluation shows that loTMindCare supports safety and
personalization significantly better than current designs. This work provides a flexible,
safe, and extensible architectural foundation for IoT-based depression management systems,
enabling the construction of optimal solutions that integrate the most effective current research
and technology while remaining adaptable to future advancements. loTMindCare provides
a unifying, aggregation-style reference architecture that consolidates design principles and
operational lessons from multiple prior IoT mental-health solutions, enabling these systems
to be instantiated, compared, and extended rather than directly competing with any single

implementation.

Publication Note

This chapter is based on the published article:

Zamani, S., Sinha, R., Madanian, S., & Nguyen, M. (2025). loTMindCare: An Integra-
tive Reference Architecture for Safe and Personalized loT-Based Depression Management.
Sensors, 25(22), 6994.

The published article is available online via https://doi.org/10.3390/s25226994.

The remainder of this chapter is based on the published article, with minor formatting

adjustments made to align it with the structure and argument of this thesis.

9.2 Introduction

Depression is a prevalent and growing mental health challenge worldwide, affecting over 280
million people [2]. With increasing modernization, rapid urbanization, and the widespread
adoption of digital lifestyles, individuals are experiencing heightened levels of stress, lone-
liness, and social disconnection, factors that contribute to the onset and exacerbation of
depressive disorders [161]. Predictive research studies estimate an increase in the number of
people affected by depression by 2030 [162]. This trend highlights the urgent need for inno-
vative, accessible, and scalable approaches to support mental health management, especially
within environments where individuals lack regular medical oversight.

Traditional depression management methods rely on episodic assessments and manual
reporting, which are often prone to recall bias and delays [163]. In contrast, IoT enables
continuous and context-aware monitoring via interconnected devices capable of real-time
sensing, transmission, and processing. Wearables, ambient sensors, smartphones, and voice

assistants can collectively capture multimodal indicators, heart rate variability, sleep cycles,
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movement patterns, speech features, and environmental cues to provide a richer, more
nuanced monitoring of mental health. This automatic, continuous data stream reduces user
burden and has the potential to improve accuracy, enabling a shift from reactive management
to proactive and preventive care through immediate anomaly detection and personalized
feedback.

Architecturally, most IoT mental health prototypes follow an edge/cloud paradigm [164,
165]: sensors transmit data to a local gateway for initial processing, relaying summaries
to cloud platforms for deeper analytics and long-term storage. Fog-computing layers are
sometimes inserted to reduce latency during emergencies, and standard protocols such
as Message Queuing Telemetry Transport (MQTT) or Constrained Application Protocol
(CoAP) provide secure, lightweight connectivity between heterogeneous devices. Despite
these advantages, no fully commissioned IoT solution for depression management has been
deployed at scale. Our structured literature review, presented in Section 9.3, reveals several
persistent barriers, including integration and interoperability issues, privacy and ethical
concerns, regulatory and compliance challenges, technological limitations, algorithmic bias,
and lack of reference standards.

We hypothesize that a reference architecture that integrates current best practices and
prioritizes safety, personalization, and extensibility, can significantly improve the real-world
deployment of current and future loT-based depression management solutions. To test
this hypothesis, we follow ADD [166] to develop an integrative reference architecture that
integrates the findings from our literature review of current best-practice, including emerging
standards and domain requirements, and prioritizes safety and personalization. We then use
ATAM [167] to evaluate the resulting architecture. Further validation is performed using
Unified Modeling Language (UML) models and comparison with benchmark architectures.

The proposed loT-based reference architecture (loTMindCare) assimilates best practices,
emerging standards, and domain requirements into a unified framework shaped around
safety and personalization. It features layering in its logical view to support cross-layer
coordination, real-time sensing, behavior analysis, and adaptive interventions through user
and caregiver feedback. Unlike existing works, our reference architecture is generalizable
and standards-informed. It accommodates heterogeneous sensors, applies to diverse usage
contexts, and embeds ethical safeguards from the outset. While clinical trials remain future
work, we establish a solid foundation for next-generation mental health platforms that are
intelligent, adaptive, and ready for real-world deployment. We present loTMindCare as a
collection of established architectural patterns and operational insights that make it easier to

adapt existing solutions, compare alternatives, and extend them for future needs. Instead of



9.3 Related Works 104

emphasizing one specific anomaly detector, the framework provides a flexible architecture
for evaluating and selecting components based on application requirements.

Evaluation and comparison show that JoTMindCare is designed to support reductions
in FPR and FNR through multi-stage verification, feedback-driven adaptation, and edge-
cloud tradeoffs. The quantitative evaluation of these reductions is dependent on concrete
instantiations and is left to future prototype and pilot studies.

The main contributions of this research are as follows:

* Identifying core challenges in IoT-based depression management via a structured

literature review (Section 9.3);

* A modular, extensible reference architecture (Section 9.4) that supports heterogeneous

sensors, edge/cloud analytics, safety protocols, and personalization;

* Demonstrating the proposed architecture’s applicability by instantiating a concrete [oT
depression care system that delivers proactive, ambient, and user-aware support and

related evaluations (Section 9.5).

An overview of the proposed loTMindCare reference architecture illustrating its multi-
layered structure is indicated in Figure 9.1. The diagram highlights the system’s key qualities,
including safety, personalization, interoperability, and adaptability.

9.3 Related Works

This review focuses on IoT- and sensor-based solutions that directly inform the design,
deployment, and evaluation of reference architectures for continuous,
personalized depression management. We surveyed peer-reviewed publications and technical
reports from 2016 to 2025 across IEEE Xplore, ACM Digital Library, PubMed, and Google
Scholar using keywords including ¢‘IoT mental health”, ‘‘depression monitoring
architecture’, ‘‘personalized healthcare IoT’’and‘‘ambient assisted living’’.
We excluded single-purpose apps and non-IoT interventions unless they offered useful con-
textual integration points. The review prioritizes IoT- and sensor-based solutions that target
vulnerable populations, including users at risk of depression and individuals requiring assisted
living. This focus ensures that architectural lessons reflect realistic operational constraints
and personalization requirements for these user groups.

Prior research clustered into four domains that guided loTMindCare’s architectural drivers

and quality-attribute scenarios, as follows:
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loTMindCare: Translating loT Data into
Personalized and Safe Depression Management

loT Sensin C Feedback
& Data Collegtion DETE Pl L & Interaction
Knowledge Translation
@ Wearabless —— Safety Engine — O User
( ) Anomaly Detection ¢ (A Interface
/,f_\\\ Environmental iR
* | Sensors 3 O Personalization v
Engine —> Caregiver/
Q Behavioral — Cé}\ /Rk’daptive dati o O Clin?cian
Sensors ecommenndations Dashboard

Safe « Personalized + Interoperable ¢« Future-Ready

Fig. 9.1 Graphical abstract of the main contributions of loTMindCare

* Large-scale smart-home and Activities of Daily Living (ADL)/Human Activity
Recognition (HAR) platforms: Large-scale initiatives and datasets, such as the
SMART BEAR consortium [168], which targets heterogeneous clinical and consumer
sensors for aging-in-place pilots, and contemporary SPHERE [169] releases with
multi-sensor annotated datasets, show how diverse sensor suites can be combined
for robust ADL inference and longitudinal baselining. Recent work on virtual smart-
home simulators and digital twins provides practical tools for testing ADL recognition
and failure modes at scale. Meanwhile, contemporary reviews and studies on HAR
system lifespan, semi-supervised learning, and ensemble methods highlight modern ap-
proaches for handling concept drift and label scarcity in long-term deployments [170].
These efforts collectively provide updated empirical and methodological evidence that
multi-modal fusion, simulator-based validation, and hybrid learning pipelines improve
robustness and reduce failure modes. These lessons directly motivated loTMindCare’s

modular Sensing Layer, fallback sensing strategies, and Personalization Engine design.

Edge—cloud orchestration and privacy-preserving learning: Edge—fog—cloud or-

chestration frameworks and federated/on-device learning solutions, such as FedHome
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[164], VitalSense [171], and related edge-IoT work, inform placement decisions for
training, inference, and data minimization. These works inform our hybrid deploy-
ment choices, including edge-first detection for latency and privacy, and cloud-based
personalization for long-term adaptation, and shaped the Personalization Engine and
deployment recipes in loTMindCare. Similarly, Benrimoh et al. [172] explore individ-
ualized therapy recommendations using deep neural networks. While its focus is on
clinical personalization, loTMindCare complements these approaches by providing
an architectural foundation to integrate these models within IoT-based monitoring

systems.

» Safety, escalation, and multi-stage verification: Ambient Assisted Living (AAL)
pilots and alarm-management projects, such as [173] and [174], emphasize the opera-
tional need for multi-stage verification and caregiver-in-the-loop escalation to reduce
false alarms while ensuring timely response. These operational patterns motivated

loTMindCare’s Safety Engine and tiered alert/escalation policy.

* Algorithmic and modality advances (explainability and contactless sensing): Ad-
vances in explainable wearable models and digital-twin/hierarchical detection pipelines
provide mechanisms for clinician-facing explainability and hypothesis testing before
escalation [175, 165]. Complementary research on contactless modalities, such as radar
and Wi-Fi CSI, provides privacy-respecting fallback sensing options when wearables
are unavailable [176]. loTMindCare integrates these algorithmic and modality-oriented
lessons through explainable interfaces and contactless sensing options, with strict local

privacy controls in place.

9.3.1 Operational, Privacy, and Standards

Cross-cutting operational lessons include favoring passive, low-burden sensing for adherence;
using multi-modal fusion to reduce false positives; limiting raw-data transmission via on-
device preprocessing; and integrating caregiver consent and verification flows.

Standards and middleware, such as HL.7 FHIR [177], OpenEHR [178], FIWARE [179],
and IEEE 11073 [180], provide concrete data models and connectors that make interop-
erability and safe clinical integration feasible. IoTMindCare adopts these as normative

recommendations for semantic integration and secure exchange.
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9.3.2 Synthesis: How the Literature Shaped IoTMindCare

The surveyed works are operational inputs rather than competing end-products. They shaped
loTMindCare as follows:

* Sensing layer: multi-modal fusion, fallback sensing, and passive modalities from

ADL/HAR platforms inform sensor selection and local rules.

» Safety Engine: multi-stage verification and caregiver-in-the-loop designs from AAL

pilots shape alert policies and escalation workflows.

* Personalization Engine: federated and edge—cloud learning patterns guide where to

place model updates and how to preserve privacy while enabling per-user adaptation.

* Deployment and standards: edge—fog—cloud orchestration patterns and interoperabil-

ity standards guide practical integration and long-term maintainability.

For context, we retain listing therapeutic and self-report systems, such as Woebot [181],
Wysa [182], BetterHelp [183], Moodfit [184], and T2 Mood Tracker [185], as possible
integration endpoints or manual-input channels.

Table 9.1 summarizes representative IoT, ADL/HAR, and edge-cloud projects and re-
search that directly inform loTMindCare across sensors, personalization, safety, and deploy-
ment patterns.

In summary, the literature provides both Technical Building Blocks, including sensing,
edge—cloud orchestration, safety, and personalization, and Technical Constraints, including
limited resources, privacy, and device heterogeneity, that collectively informed the archi-
tectural drivers, Quality Attribute Scenario (QAS), and component-level decisions in
loTMindCare.

9.4 IoTMindCare: Proposed Reference Architecture

loTMindCare is built using ADD where we first identify key architectural drivers (Sec-
tion 9.4.1) to the develop architectural views (Section 9.4.2).

9.4.1 Architectural Drivers
Functional Requirements

Our literature review points to five core functional requirements:
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F1 Continuous Monitoring or sensing of physiological, behavioral, and environmental

signals.

F2 Context-Aware Decision-Making of multimodal data within spatial-temporal and
behavioral contexts.

F3 Alert Generation and Escalation to caregivers or clinicians in response to detected
risk conditions.

F4 User and Clinician Interfaces for stakeholders.

F5 Personalized Feedback and intervention mechanisms tailored to individual users.

Quality Attribute Scenarios

Safety and personalization are the key quality attributes in our architecture design process,
and are captured using the quality-attribute scenario template [186].

QASI1: Safety: The system must detect critical events, such as depressive crises or self-harm,
and respond with timely alerts using a probabilistic, context-aware anomaly detection model
(Table 9.2). Detection accuracy, timeliness, and escalation logic are critical. This includes
handling uncertainty through a confidence scoring model and minimizing the False Positive
Rate (FPR) and False Negative Rate (FNR) as primary operational objectives. Events are
cross-referenced with historical and contextual data to improve detection reliability.

QAS2: Personalization: The system must adapt dynamically to users’ physiological and
behavioral baselines, with support for partial or heterogeneous device configurations (Table
9.3). When sensors are missing, alternative data (manual input, Al-inferred metrics) must
substitute for automated sensing. Personalization includes dynamic switching between
modes, user-specific thresholds, and real-time updates to decision logic.

Recent IoT-health and applied risk-detection studies explicitly report false positive and
false negative outcomes when evaluating anomaly and crisis detection models. For example,
Gupta et al. [165] show how hierarchical/federated architectures reduce false positives via
multi-layer model aggregation and context validation, motivating multi-stage verification
in edge/cloud pipelines. Similarly, applied suicide-risk prediction studies report sensitiv-
ity/specificity and precision metrics to quantify clinical detection trade-offs and operational
risk [187]. These studies motivate our choice to evaluate safety and personalization using
FPR and FNR alongside latency and robustness measures in our reference architecture.

To support reproducible validation of the QASs, we specify measurement protocols and
metrics that should be applied when an implementation or simulation of [oTMindCare is

constructed. For QAS1 (Safety), we recommend reporting FPR and FNR, sensitivity (recall),
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specificity, detection latency (time from event onset to alert), and escalation latency (time
from alert to caregiver/clinician notification). For QAS2 (Personalization), we recommend
adaptability, installability, customization, co-existence adequacy, and reliability [188]. Val-
idation should use temporally aware splits to reflect longitudinal deployment and expose
concept drift. Calibration metrics (e.g., Brier score or reliability diagrams) are recommended
when probabilistic confidence scores drive escalation thresholds.

To support reproducible validation of the QASs, we specify measurement protocols and
metrics that should be applied when an implementation or simulation of loTMindCare is
constructed. For QAS1 (Safety), we recommend detection metrics such as True Positive
Rate / Sensitivity, FPR, FNR, Specificity, and Precision, together with operational metrics,
including detection latency (time from event onset to alert) and escalation latency (time
from alert to caregiver/clinician notification). For QAS2 (Personalization), we recommend
measures of personalization gain, such as absolute and relative reductions in FN and FP
rates after per-user adaptation compared to a population model (such as FNR and FPR),
model convergence speed (time or number of examples to reach stable per-user performance),
and robustness under sensor loss (percent performance drop when a subset of sensors is
removed). Validation should use temporally-aware splits (training on earlier windows, testing
on later windows) to reflect longitudinal deployment conditions and to expose concept drift.
Finally, calibration metrics (such as Brier score or reliability diagrams) should be used where

probabilistic confidence scores drive escalation thresholds.

Technical Constraints

The key technical constraints highlighted by our review [164, 165, 189] are:

TC1 Limited Edge Resources necessitate light-weight and distributed processing.

TC2 Privacy Constraints require local processing and adherence to privacy legislation.

TC3 Device Heterogeneity points to the need to tolerate and adapt to variable device

configurations.

9.4.2 Architecture Views

The architecture is presented using the 4+1 view model [190]. Each view reports a different
but equally critical aspect of the architecture and is linked to a different combination of

architectural drivers.
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Table 9.2 Scenario for Requirement Safety

Stimulus * The system detects unusual patterns (such as unusual inactivity or negative
self-talk) in the incoming data streams.

Stimulus * The user

Source

* The system itself

¢ Sensors/devices

Environment| ¢ The system is running under normal operation.

Artifact * Depression management system components: sensing modules, monitoring
modules, communication interfaces, caregiver dashboard, and alert/logging
mechanisms.

Response * The system determines whether observed patterns meet the criteria for a critical

or high-risk event and decides whether escalation is required.

* If escalation is needed, the system triggers local and remote alerts and records
the event for auditing and traceability.

Response * Primary objective: minimize FN (missed legitimate emergencies), aim as
Measure close to zero as practicable for the scenario. Studies emphasize maximizing
detection sensitivity to avoid missed emergencies, even when this increases
false alarms. Zhang et al. [175] reported 12% FN (recall = 0.88), while Wu
et al. [164] achieved 95% overall accuracy without explicit FP/FN reporting,
providing indicative performance ranges.

* Secondary objective: minimize FP subject to the primary objective. When
FN performance is equal, prefer the lower FP option. In Zhang et al. [175],
the corresponding precision is 0.73 implies roughly 27% FP, illustrating the
typical trade-off between high sensitivity and increased false alarms. As noted
by Gupta et al. [165], multi-stage validation and cross-modal analysis can
effectively reduce such false alarms while preserving safety sensitivity.

* Timeliness: Ensure prompt detection and escalation in a timely manner related
to the event. Acceptable latency depends on context, consistent with timelines
reported in the SMART BEAR [168] and SPHERE [169] frameworks.

* Auditability: 100% of the alerts should include contextual and explainable
data for human review and post-event analysis, aligning with safety validation
requirements observed in prior IoT-based behavioral monitoring systems (Gupta
et al. [165] and Zhang et al. [175]).

Logical View

Logically, the architecture has a layered structure due to this pattern’s robustness in managing
modularity and ensuring logical separation between sensing, processing, and interface

components (Table 9.4). Layering is widely adopted in existing solutions [191, 192]. Other
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Table 9.3 Scenario for Requirement Personalization

Stimulus * The system needs to tailor its monitoring and intervention strategies to the
individual user’s characteristics and context (e.g., a user with a specific set
of devices and initial profile/context, registers and begins using the system,
or an existing user’s context changes, new devices, changed environment, or
changed clinical needs).

Stimulus * The user (profile, preferences, clinical notes, historical patterns)

Source
* The device inventory and environment (available sensors, connectivity)

* System-detected context changes (new data streams or changed behavior)

Environment| ¢ Normal operation with diverse user devices, variable connectivity and tech-
nology availability, and differing caregiver support models; personalization
must operate under these varying constraints.

Artifact * Personalization Engine and related components in the depression-
management system (user profile module, feedback integrator, device-
adapter/fallback logic, personalization policy store, and caregiver/clinician
interfaces).

Response * The system can be configured according to the user’s identity, context, and
available technology, considering who the person is, their mental health needs,
and their environmental setup.

* The system has high interoperability, adapting to sensor diversity, where
multi-device integration supports continuous monitoring across heterogeneous
environments.

* When specific data streams are missing, the system applies fallback or re-
placement strategies, consistent with the modular adaptation approaches.

Response » Adaptability: proportion of functions operating under changed conditions
Measure (e.g., SMART BEAR adapts to heterogeneous sensors [168]).

* Installability / Customization Rate: time per configuration/number of sup-
ported configurations (e.g., SPHERE supports context-dependent deploy-
ments [169]).

 Interoperability Support Rate: ratio of supported device/format pairs to
total expected (e.g., Wu et al. integrate multiple smart home devices [164]).

» Co-existence Adequacy: ability to work alongside existing systems/devices
(e.g., Gupta et al. integrate with existing IoT platforms [165]).

* Replaceability Rate: percentage of modules swappable without affecting
operations (e.g., Zhang et al. propose modular anomaly detection [175]).

architectural styles, such as microkernel and service-oriented architecture, are less suitable



9.4 IToTMindCare: Proposed Reference Architecture 113

due to weaker support for reactive and real-time event handling required by QAS1, and
unacceptable latency for context-sensitive, time-critical operations, respectively.

This view enhances the structure from [193] by embedding user-specific personalization
across all layers and enabling dynamic thresholding, offering resilience (TC3) and deeper
alignment with QAS2. This enhancement improves system adaptability and responsiveness
beyond prior work.

Each layer supports specific architectural drivers. The Sensing layer provides real-time
signal capture support (F1, QAS1). The Network and Communication layer ensures reliable
data routing (F2, TC3). Data Processing and Storage enables edge/cloud processing
(F2, QAS1, QAS2). The Service layer implements core decision logic (F2, F3, QAS1). The
Interface layer provides personalized feedback and real-time alerting (F3-F5, QAS2).

Table 9.4 Logical view - layering diagram showing the five architectural layers of the
architecture and their mapping to safety and personalization

Interface Layer
(user interface on mobile devices and actuators, caregiver’s access via
dashboard, and feedback mechanism to upgrade the system)

Service Layer
(real-time monitoring, automated alerts by decision-making,
environmental adjustments)

Data Processing and Storage
(local processing for real-time and rule-based triggers, cloud
processing for long-term behavioral analytics, and data storage)

Safety

(anomalous behavior detection by continous monitoring,
real-time alert to caregivers, and environemtal adjustments)

Personalization
(supporting device variability, customized treatments,

Network and Communication
(local communication, gateway, remote communication, ensuring
reliable data exchange between system components

user-specific thresholds, and behavioral diversity)

Sensing
(collect multimodal data from physiological, environmental, and
behavioral sensors, depending on sensors’ availability)
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Development View

The development view (Figure 9.2) defines the internal structure and interactions between
software modules distributed across smart home environments, cloud infrastructure, and
external actors such as users and caregivers.

The development view adopts a component-based architecture with RESTful and message-
passing interfaces due to support of loose coupling, deployment flexibility, and fault isolation
[194-196]. This pattern enables modular, distributed services that feature real-time respon-
siveness and adaptability.

Unlike fixed-rule systems like CarePredict [197] using predefined activity models, lo7-
MindCare dynamically adapts to each user’s data through the cloud-based Personalization
Engine. Feedback loops are integrated via the Feedback Integrator, improving the sys-
tem over time. This enhancement is central to achieving QAS2 under real-world device
constraints (TC3), highlighting adaptability and scalability.

Caregivers
User Dashboard s Mental Health @
. NS Practitioner
Cloud x/k Home Environment | 9
Personalization gl General @
Engine Smart Home Practitioner

Database @* {I
Edge Gateway
L Feedback Integrator @+\\C)__ Safety Engine +

Fig. 9.2 Development view - UML Component diagram showing the major software modules
for smart home, cloud, and user environments

Y

Smart Home edge interface performs continuous monitoring (F1) and forwards data to
the Edge Gateway, which executes lightweight inference and handles fallback logic during
cloud disconnection (QAS1, TC1, TC2). The Safety Engine performs anomaly detection
using probabilistic models and generates alerts based on severity thresholds (F3, QAS1). The
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cloud-based Personalization Engine manages user-specific models and dynamically
adjusts service logic based on behavioral patterns (F5, QAS2, TC3). Moreover, the Feedback
Integrator incorporates feedback from users and caregivers to refine system behavior (F5,
QAS2), while the Central Database stores longitudinal data and personalization parame-
ters.

For user interaction, Mobile Application enables real-time feedback, notifications,
and manual data entry for user reflection, alert acknowledgment, and configuration (F4,
F5). Clinician/Caregiver Dashboard provides real-time and retrospective views of user
states, anomaly logs, and behavioral trends for escalation actions and threshold customization
(F3, F4, QAS1).

Process View

The process view (Figure 9.3) describes the system’s dynamic behavior, capturing the
interaction patterns among core components during real-time operation. It adopts an event-
driven architectural style, well-suited for reactive, asynchronous IoT-based health monitoring
systems due to its responsiveness and scalability [198, 199]. It also uses a client—server
pattern, where cloud services hold stateful logic, while edge and user devices act as clients,
emitting or receiving events.

Unlike rule-based detection chains in [ 193], this view incorporates closed-loop adaptation,
probabilistic scoring, and scalable escalation, offering resilience and evolving personalization
aligned with real-world deployment challenges.

We propose four key processes reflecting the system’s end-to-end lifecycle: System
Initialization and Personalization, Continuous Monitoring, Candidate Anomaly Detec-
tion, and Feedback Integration. System Initialization and Personalization begins during
setup or after reconfiguration. General Practitioner provides user-specific information
such as baseline activity and risk thresholds. The cloud-based Personalization Engine
generates contextual thresholds and fallback logic for sensor gaps (F5, QAS2, TC3).

In Continuous Monitoring, Edge Gateway gathers and preprocesses multimodal data.
Obvious anomalies are flagged locally, while filtered data is sent to the cloud for deeper
analysis. Real-time and historical data are stored centrally (F1, F2, TC1, TC2). In Candidate
Anomaly Detection and Alert Escalation, Safety Engine evaluates deviations using
probabilistic models. If an anomaly is detected, multi-level alerts are triggered: from
users to general and mental health practitioners, depending on severity (F2, F3, QAS1).
Finally, in Feedback Integration and Adaptation, users and clinicians provide feedback
through dashboards. Feedback Integrator refines the personalization logic and detection

thresholds, enabling continuous learning (F5, QAS2, TC3).
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Deployment View

The deployment view illustrates how software components are physically distributed across

edge devices, cloud infrastructure, and stakeholder interfaces (Figure 9.4). This view relates

to latency, fault tolerance, and scalability requirements. A hybrid edge—cloud deployment

strategy is adopted, a common best practice in current works [200, 201].

The deployment view enables scalability and resilience by decoupling edge and cloud

operations. Cloud components can be updated dynamically without disrupting critical

edge functions. Communication protocols are optimized for 10T reliability and low-latency

demands, aligning with system constraints (TC1-TC3) and quality attributes (QAS1, QAS2).

Sensors / Typel: Sensor that needs to be connected to the System Gateway.

Sensors / Type2: Sensors that are connected to the internet (cloud server) by themselves

and don’t need to be connected to the System Gateway.

Sensors [ Type3: A subset of Sensors / Type2, but can be outside the home environment.

Specified clouds are clouds for specific 10T devices (mainly from Sensors / Type2)

Web Dashboard

<<device/environment>>

Web Portal

Cloud Environment

<<device/environment>>

Cloud Database

<<Artifact=>

User Profile Manager

N

<<device/environment>>

Specified Clouds (for
Sensors / Type2)

<<Artifact>>
Healthcare Provider

Dashboard

Sensors Outside of Home

<<device/environment>>

Sensors / Type3

<<device/environment>>

loT Cloud Server

<<Artifact>>

Feedback Integrator

h

<<Artifact>> D

Personalisation Engine

<<device/environment>>

Mobile Device

<<Artifact>>
Mobile Application

Home Environment

<<device/environment>>

System Gateway

<<Artifact>>
Local Data Processor

<<device/environment>>
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Fig. 9.4 Deployment view - UML Deployment diagram showing the mapping of the develop-
ment view components to physical or infrastructure resources
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Multiple Sensing Devices capture multimodal behavioral and physiological data in
real time. These feed into a local Smart Home Gateway, which hosts the Edge Gateway
and Safety Engine. This setup supports on-site anomaly detection, buffering, and fallback
logic during cloud disconnections (QAS1, TC1).

The Cloud Infrastructure manages the Personalization Engine, Feedback
Integrator, and long-term Database. It handles high-complexity tasks such as behavioral
analytics, adaptive model updates, and secure storage. Encrypted communication between
the cloud and smart home ensures privacy and integrity (QAS2).

Users and caregivers access the system through Mobile Applicationsand Clinician
Dashboards, which interface primarily with cloud services for alerts, feedback, and system

configuration. These apps can also connect locally for real-time updates when needed.

9.5 Architecture Evaluation

We evaluate the proposed loTMindCare using ATAM [202, 167] for its support for the
primary QAs, safety and personalization, as well as complementary 4+1 UML views (See
Section 9.4). The QA scenarios from Section 9.4.1 were analyzed to ensure that they are
holistically addressed by the architecture, across all relevant views. Table 9.5 details how
each QA is supported by loTMindCare, and indicates to a robust architecture delivering safe

and personalized IoT-based depression management.

Tradeoff Analysis

The architectural choices must also balance the tradeoffs between safety and personalization,
particularly in minimizing the FPR and FNR in behavioral anomaly detection. We identified
the following critical tradeoffs:

1. Safety vs. Personalisation: A central tradeoff exists between safety and personaliza-
tion. Personalization improves detection sensitivity (reducing FNR) by adapting to
individual baselines; however, overly narrow per-user thresholds may increase FPR
if not validated. loTMindCare mitigates this via a tiered verification pipeline (edge
trigger — cloud contextual validation — caregiver confirmation) and feedback-driven
recalibration. However, overly personalized thresholds risk increasing FPs if not rigor-
ously validated. This tradeoff is mitigated by delegating final anomaly verification to a
centralized cloud component (Figure 9.2) and integrating feedback from caregivers
(Figure 9.3) to calibrate and improve models iteratively.



119

9.5 Architecture Evaluation

a3ueyd spjoysaIyy

S901A9p

JO 189S Q[qe[leA®

SQOTAJD PaY
-109ds s 1asn 9y) uo
paseq uoneIN3yuod
WOJSAS - QW ISAO

SQO1AP
S Josn 9y} uo poseq
dn Sumeg - orgoid
osn M Sunyoayd
AQ s[epowr A[ewioue

(¢°6 2m31)
KJIATIISUQS PUB SAJTAJP Isnlpy -
(€' I2UOTITIORIJ TeISUSY
woIj eyjep Isn Y - (6
om3r]) sIosuas jJuaIeyyIp Jul
-1eI3AU] - (46 2In3L]) pPnoTYd

JIosn se suoneoyIpow | s Jasn ayj Juisn pue | sproysaiy) idepe pue | oyroads-1osn -l uo erTyoIg I8N - (46

S9[qeUL PNO[O Y} UI | ‘UONBOYLISA Suumnp | S[epouwl [elolaeyaq | swipuoSie ur Sul | pue g'g 2InS1{) pIeoquseq

BJEp JOSN pue S[opoul | pasn sploysa1y) | oyroads-1osn  plinq | -urjoseq [eloiaeyeyq - | x9sn - (4'6 pue g'6 2In3Lg) (¢'6 @m31y)

[eI01ABYq Sunsoy pozifenpialpu] | 0} Jmpowr Issp | Sployseiy) o[qeidepy ouTSuy UOT3eSTTRUOSISJ | UONRZI[RUOSIO]
(Aemaqen

weaskg oy uo

Sunndwoo  93p9) [opowt Suniodar juaas (¢'6 2In31L] UI UOT}IIS SSAD

QWNUMOp JJomlau | ATewoue ay) ojul ul | -passtu pue  sdoof -0Id Yoeqpes) Iozexafsjur

Suump  senunuod | -pasy syjed Yovqpaa) | YOeqpPIS) SAIBII[IOR] soIfewioue | oeqpesd Aq YoBqpas) Iasn

uorodlop  AJeWIOUE | JOSN PUB IOAISOIED | 0) Q0BJIOJUI  I9S[) | PASSIWU  J09)9p O} | pue JoaIare) - (76 pue (76 2198L)

[820] Suunsuyg | e1a passaIppy | pue  szeat8exe) | uoneIi3oUI Yoeqpao ] | 6 2In3d1) sutSug Lisryes | (YNH) KioJes
(Aemaqen

welsAg oy} Uuo

Sunndwoo  93p9)

QWINUMOP  JIoMmIau syIo[e Sura33Ln PROT) pPuUB | SLIQ[E J091I00Ul 0NP ((¢'6 231

Juunp  SeNUNUOD | 2I0J2q PnoJd JY) Ul femoqen weqshg | -o1 0) Aemare3 o3po | UIUONIAS A[eWIOUY ARPIPUR)))

UONo9Jop  AJRWIOUE | UONBWLIHUOD SIBME | 9Y) SSOIOB UONED | oY) [PIM Sunosyd | uotjersusy IS8TV - (7’6 pue (76 2198L)

[820] Suunsuyg | -1x91u0d AQ paonpay | -yuea  JoAe[-DINJA | AQ UONIBOYLIOA MY | 6 2Ind1) sutSug Lisres | (Mdd) £KieJes

6 (€6 (@6
amgry) Suiddepy | sun3dry) Suiddepy | sangSiy) Surddey U swead
PAdYT-yuwAorda(g [PAYT-[eI0IABYdY | [9A9T] Juwduodwo) | -IAg uonepieA | -ei( / sjuduoduro)) JueAIY SVO

QOUAPIAD [RINIDNIYDIE 0) SOLIRUIIS Anqrmy Aend) Surddey ¢ 6 91qeL



9.5 Architecture Evaluation 120

2. Feedback Loops vs. Timeliness: Incorporating caregiver and user feedback into
anomaly detection loops (Figure 9.3) helps reduce FPR/FNR rates over time. However,
this introduces delays in model retraining and potential inconsistencies during transition
phases. The architecture mitigates this by decoupling feedback ingestion from real-time

alerting, maintaining responsiveness while still enabling long-term model refinement.

3. Local Autonomy vs. Central Oversight: To ensure availability and responsiveness,
the system gateway performs initial anomaly evaluation at the edge (Figure 9.4). This
supports low-latency decision-making and offers resilience during cloud disconnection,
contributing to safety (FNR reduction). However, relying solely on edge intelligence
limits access to broader contextual information needed to reduce FPRs. As a result, the
architecture introduces a tiered decision-making pipeline: edge components perform
preliminary assessments, while cloud services provide contextual validation to reduce
FPRs. This design reflects a deliberate trade-off between local autonomy and central

oversight.

loTMindCare intentionally aggregates capabilities from the surveyed literature so that
many existing architectures can be expressed as subsets or specific instantiations of the
reference model. This framing avoids claiming direct superiority; instead, the contribution is
a unifying architecture that (a) makes feature/metric tradeoffs explicit, (b) clarifies where
variability points should be placed to compare detectors (e.g., choice of anomaly model,
thresholding strategy, retraining cadence), and (c) provides concrete recipes for extending
prior designs toward more robust, future-proof deployments.

Overall, IoTMindCare carefully balances quality attributes, with safety and personaliza-
tion as primary drivers. Modularity, layered processing, and feedback integration strategies
explicitly addressed tradeoffs, as evidenced in the UML diagrams and quality scenario

mappings.

9.5.1 Comparison with Existing Architectures

Table 9.8 provides a high-level comparison between loTMindCare and selected contem-
porary IoT-health frameworks across data sources, personalization, edge/cloud strategy,
explainability, and multi-stage anomaly handling.

This comparison focuses on architectural patterns, operational principles, and design
choices rather than empirical performance metrics, as loTMindCare is a reference architec-

ture.
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Table 9.6 Comparison with recent IoT-health architectures
Feature Zhang et al.| Wu et al.| Gupta et al.| IoTMindCare
[175] [164] [165]

Data Sources (See | Wearables Wearables/ Wearables/ Wearables/IoT /Envi-
Logical View in Home Sensors | Digital Twins | ronment
Section 9.4.2)
Personalization (See | Global Model | User-Specific | Group-Based | User Profile/
Process View in Models Models Feedback-Driven
Section 9.4.2)
Explainability (See | SHAP - - Human-in-Loop /
Development View Logic Layers and
in Section 9.4.2) Modules
FPR/FNR  Strategy | Global Personalized | Multilevel Val- | Multi-Stage / Feed-
(See Process View | Threshold FL idation back
in Section 9.4.2
Deployment Topology | - Edge-Cloud Hierarchical Hybrid Edge—Cloud
(See Deployment Based FL Edge—Cloud with Fallback and Lo-
View in Section 9.4.2) cal Safety Logic

Our architecture combines explainability and personalization within a hierarchical edge-
cloud structure, while having other levels of safety and personalization. It extends these
through the following:

1. Incorporating home environmental sensors.
2. Employing multi-stage anomaly verification to manage FPR/FNR tradeoffs.
3. Supporting feedback-driven model adaptation with user/caregiver input.

4. Enabling edge-first inference policies for low latency and privacy.

While Zhang et al.’s model [175] presents strong anomaly detection within a controlled
dataset, it has a wearable-only scope and centralized deployment, which limits generalization
and real-world responsiveness. In contrast, our system is designed for continuous deployment,
with added robustness mechanisms (like model updates from feedback) and explainable
alerts through transparent processing stages. Compared to federated learning systems, our
architecture relies on explicit feedback loops rather than fully distributed updates, offering a
more straightforward path to per-user tuning and safety in mental health contexts.

These comparisons suggest that our architecture is a more holistic solution for real-world,
mental health [oT deployment, better suited to privacy, safety, personalization, and real-time
operation.
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9.5.2 Scenario-Driven Instantiation and Configuration

To demonstrate the applicability of loTMindCare in realistic deployments while preserving its

role as a high-level reference architecture, we provide a set of concrete loT-driven scenarios

drawn from the literature, along with a mapping of these scenarios to the architecture. For

each scenario, we indicate relevant literature sources, the architecture views most involved,

the primary QAS affected, and brief configuration guidance. These examples are meant as

practical guides for building, testing, or running pilot versions of systems.

Representative Scenarios

1.

Early deterioration detection (gradual mood decline): Long-term ADL/sleep/activity
drift that signals worsening depression (motivated by SMART BEAR [168]).

. Acute crisis detection (self-harm/suicidal risk): Rapid onset of high-risk states

requiring low-latency detection and escalation (inspired by AAL pilots and safety
studies [174, 173]).

. Sleep disturbance and insomnia monitoring: Night-time patterns detected via

bed/pressure and respiration (contactless modalities), indicating sleep disruption asso-
ciated with mood change (motivated by SPHERE, contactless sensing work [169, 176]).

Social isolation/activity withdrawal: Reduced outings, fewer device interactions,
reduced social communications extracted from ADL/HAR traces (CASAS [203] and
SPHERE [169])).

. Medication non-adherence/routine deviation: Missed medication or routine changes

inferred from smart-plug, cabinet-door, and activity sensors (SMART BEAR [168]
AAL studies [174, 173]).

Acute stress episode (physiological spike): Short-term HRV and activity spikes de-
tected by wearables requiring brief interventions or prompting (wearable explainability
studies [175]).

Contactless monitoring for privacy-sensitive users: Use radar/Wi-Fi channel state in-
formation and on-device inference where wearables are infeasible (contactless systems
[176]).

. Teletherapy-triggered sensing: Trigger richer sensing or clinician contact when

conversational agents or self-report apps indicate increased risk (integration with

digital therapeutics).
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For a given deployment, practitioners can use the recipes above to configure [oTMindCare

as follows:
* Select sensors and signals relevant to the scenario

* Choose model placement: edge-first for low-latency safety scenarios; cloud-enabled

personalization for long-term baselining and retraining.

* Define escalation policy: map detection confidence levels to tiered actions (edge

prompt, cloud validation, caregiver/clinician alert) within the Safety Engine.

* Personalize and test: initialize thresholds from population priors, then adapt per-user
via the Feedback Integrator. Use concrete quantitative validation metrics, such as
reductions in FNR, reductions in FPR, improvements in sensitivity/specificity, and

changes in detection and escalation latency, to evaluate the personalization gain.

 Privacy and failover: apply on-device preprocessing, encrypted model updates, or

federated learning, and contactless fallbacks where wearables are refused.

These scenario instantiations are explicitly intended to guide future prototype or simula-
tion studies. For each scenario, we recommend a pilot that measures the QA metrics listed
above (FPR/FNR, detection latency, and personalization gain), with clearly defined A/B
comparisons or pre- and post-personalization analyses. These evaluation plans are consistent
with the ATAM-driven analysis and the QA metric framework introduced in Section 9.4.1.
Empirical evaluation plan (guidelines). Because loTMindCare is a reference architecture,
empirical claims about reductions in FPR/FNR require the instantiation of prototypes and
controlled evaluation. For future prototypes we recommend the following evaluation regi-
men: (1) choose scenario(s) from Table 9.7; (2) run pre/post personalization experiments
where the baseline uses population thresholds and the experimental arm uses [oTMindCare
personalization and feedback loops; (3) report FPR, FNR, sensitivity, specificity, detection
latency, escalation latency, and calibration (Brier score); (4) include robustness tests: sensor
dropout (remove sensor modalities), concept-drift injection (temporal distribution shifts), and
realistic network outages; (5) present results as absolute and relative changes in FPR/FNR or

bootstrap estimates to quantify uncertainty.

9.5.3 Limitations and Threats to Validity

We summarize key limitations of loTMindCare as follows, adapted from standard research
design frameworks such as the SPHERE deployment framework [169]. These include threats
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to validity in system evaluation, deployment feasibility, and ethical compliance. While our
work lays a conceptual and architectural foundation, future empirical studies are required to

address these threats.

* Construct Validity: Behavioral and physiological signals may not fully capture the
complex psychological aspects of depression and have not been clinically validated

against gold-standard diagnostic tools.

» External Validity: The system has not yet been deployed across diverse demographics,

socioeconomic groups, or cultural contexts, limiting generalizability.

* Ethical and Legal Constraints: The system has not undergone formal ethical review
or compliance assessment with regulations such as GDPR or HIPAA, especially

regarding passive data collection.

 Technical and Ecological Validity: Assumes consistent sensor reliability, user com-
pliance, and stable network conditions; real-world variability and behavioral shifts due

to monitoring awareness may affect performance.

The validity issues include methodological concerns, such as the lack of clinical valida-
tion and the absence of empirical evaluation, as well as practical limitations in real-world
deployment and ethical compliance. Specific challenges include construct and internal valid-
ity gaps, potential algorithmic bias, and uncertainties in scalability under resource constraints.
Although the architecture presents a promising direction for intelligent depression care,
future work must empirically validate its components, address ethical safeguards, and ensure

robustness across user populations.

9.6 Conclusions

This research proposes a modular, layered IoT-based reference architecture (loTMindCare) for
continuous and personalized depression care in non-clinical settings. Integrating multi-modal
sensing, edge-cloud analytics, adaptive feedback loops, and safety-driven design principles,
our architecture addresses key challenges identified in existing literature, particularly safety,
personalization, real-time response, and architectural extensibility. Through comparative
analysis and design modelling, we demonstrated how loTMindCare offers a comprehensive
framework to guide the development of intelligent mental health monitoring systems.
While loTMindCare offers a strong conceptual and technical foundation, several oppor-

tunities remain for future advancement. Real-world deployment and clinical trials would
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be instrumental in validating the system’s effectiveness in diverse populations. Adaptive
learning components may be incorporated to support long-term personalization and reduce
false positive or negative detections. Additionally, integration with healthcare infrastructures
such as electronic health records and alignment with privacy and regulatory standards could
support broader adoption. Moreover, the prototype can be strengthened by simulating a real-
world environment. These directions represent promising avenues for translating loT-based

mental health architectures from prototype to practice.

Abbreviations

The following abbreviations are used in this manuscript:

Table 9.8 List of Abbreviations

Abbreviation | Definition

IoT Internet of Things

ADD Attribute-Driven Design

ATAM Architecture Trade-off Analysis Method
MQTT Message Queuing Telemetry Transport
CoAP Constrained Application Protocol
UML Unified Modeling Language

ADL Activities of Daily Living

HAR Human Activity Recognition

AAL Ambient Assisted Living

QAS Quality Attribute Scenario

FPR False Positive Rate

FNR False Negative Rate




Chapter 10

Prelude to the Expert-Informed
Refinement of IoTMindCare

10.1 Introduction

Chapters 1-9 developed the foundation for loTMindCare by examining the main components
required for safety-aware and personalised loT-based depression management. The system-
atic literature review in Chapter 3 identified fragmentation in existing loT-based depression
and emotional well-being systems, particularly regarding system integration, personalisa-
tion, safety, interoperability, and implementation considerations. Chapter 5 examined how
environmental data may provide an additional interpretive layer for understanding mental
health-related patterns. Chapter 7 then extended this direction by exploring how users may
interact with the system through game-based tasks, adaptive self-reporting, and behavioural
feedback. Chapter 9 brought these components together by presenting loTMindCare as an
integrative reference architecture for loT-based depression management.

A central challenge for IoT-based depression management is how to organise sensing,
analytics, calibration, personalisation, alert handling, clinical oversight, interoperability,
and privacy within a coherent system architecture. This is particularly important because
depression-related behavioural indicators are often individualised, sensor data may be in-
complete or noisy, and automated alerts may create risks if they are poorly calibrated or
insufficiently governed. Chapter 11 builds on the loTMindCare architecture presented in
Chapter 9 by refining it through expert feedback from both technical and clinical perspectives.

Chapter 11 is positioned as the expert-informed refinement stage of the thesis. Rather
than focusing on a single component, this chapter considers the architecture as a whole

and examines how sensing, analytics, calibration, edge-cloud processing, alert governance,
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clinical oversight, interoperability, and privacy should be organised within a coherent system
design. The purpose of Chapter 11 is to strengthen the architecture by examining how
it can better support personalisation, safety, governance, and deployment-oriented design.
This expert-informed stage should be understood as assessing the perceived suitability
of architectural design decisions and informing their refinement, rather than establishing
empirical evidence of system performance, clinical effectiveness, algorithmic validity, long-
term user acceptance, or real-world deployment outcomes.

Chapter 11 also strengthens the thesis by incorporating multidisciplinary expert perspec-
tives. Technical experts provide feedback on issues such as multimodal sensing, model
initialisation, anomaly detection, calibration, edge-cloud allocation, and cloud integration.
Clinical experts provide feedback on alert reliability, patient involvement, workflow integra-
tion, trust, privacy, consent, and safety. These perspectives are important because loT-based
depression management is not only a technical problem. It also involves clinical judgement,
user burden, ethical responsibility, and governance requirements.

The expert evaluation involved 22 participants, comprising 14 technical and 8 clinical
and healthcare-related experts. The technical panel represented backgrounds in IoT, software
and Al engineering, cloud infrastructure, networking, biomedical engineering, research and
development, and digital health. The clinical panel included expertise in psychiatry, general
practice, mental health nursing, therapy research, clinical physiology, and healthcare safety.
Participants were recruited purposively through professional and academic networks based
on the relevance of their expertise to the proposed architecture.

Expert engagement was conducted through scenario-based questionnaires addressing the
architecture’s technical and clinical requirements. Participants evaluated proposed capabili-
ties, including sensing, personalisation, edge-cloud processing, alerting, clinical workflows,
and governance. The evaluation captured professional judgements regarding selected archi-
tectural functions and design decisions.

The expert evaluation reported in Chapter 11 is supported by thesis appendices that
provide the associated ethics and participant-facing materials. The ethics approval doc-
umentation is provided in Appendix A, the participant information sheet is provided in
Appendix B, the questionnaire is provided in Appendix C, and the feedback reports provided

to participants following the questionnaire are included in Appendix D.

10.2 Contribution to the Thesis

The main contribution of Chapter 11 is the expert-informed refinement of loTMindCare

as a proposed safe and personalised IoT-based architecture for depression management.
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Chapter 11 shows that an architecture for this context must go beyond collecting sensor
data and applying machine learning models. It must also define how behavioural changes
are calibrated, interpreted, filtered, escalated, reviewed, and governed. More specifically,
Chapter 11 contributes to the thesis in three main ways:

* A dedicated analytics and calibration layer: This layer makes explicit the functions
required for personalised baseline formation, hybrid model initialisation, multimodal
fusion, anomaly detection, context-aware interpretation, threshold tuning, and ongoing
recalibration. This refinement is important because the previous chapters showed that
depression-related signals are complex, individualised, and context-dependent. There-
fore, the architecture needs mechanisms that support interpretation and personalisation,

rather than relying only on generic prediction outputs.

* The hybrid edge-cloud processing view: This view clarifies how responsibilities can
be distributed between local edge resources and cloud infrastructure. Edge processing
is positioned as important for low-latency screening, short-term interpretation, im-
mediate alerting, and local resilience. Cloud processing is positioned as important
for longitudinal storage, model retraining, drift detection, interoperability services,
and governance support. This helps connect technical processing decisions with the

broader requirements of safety, scalability, privacy, and clinical use.

* Traceable mapping between expert findings and architectural refinements: This map-
ping shows how expert feedback informed specific changes to the architecture. There-
fore, it strengthens the transparency of the design process and demonstrates that the
refined architecture is not a set of disconnected technical features, but a structured

response to the requirements identified across the thesis.

10.3 Connection to Subsequent Chapters

Chapter 11 provides the final refinement of loTMindCare before the thesis discussion and
conclusion in Chapters 12 and 13. By incorporating technical and clinical expert perspec-
tives, it clarifies how the architecture can better address personalisation, calibration, alert
governance, clinical oversight, interoperability, privacy, and deployment-oriented design.
These refinements support the final discussion of the thesis contribution by showing how
loTMindCare responds to the limitations identified in earlier chapters. At the same time,
the chapter also helps define the boundaries of the research. Although it strengthens the

architecture through expert-informed refinement, empirical effectiveness, long-term user
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acceptance, real-world deployment performance, and clinical validation remain areas for

future implementation and evaluation.



Chapter 11

An Expert-Informed Architecture for
Deployment-Oriented IoT-Based
Depression Management

11.1 Abstract

The use of Internet of Things (IoT) technologies for depression management has increased
interest in continuous behavioural monitoring using smartphones, wearables, and ambient
sensors. However, many existing studies remain focused on predictive performance at the
algorithmic level, with less attention to how personalisation, calibration, alert governance,
hybrid edge-cloud processing, and deployment-related constraints should be integrated into
a coherent system architecture. This study presents an expert-informed refinement of [oT-
MindCare, an IoT-based architecture for depression management, with particular emphasis
on personalisation, safety, and deployment-oriented design. A cross-sectional mixed-method
expert evaluation was conducted with 22 domain experts, including 14 technical experts
and 8 clinical experts. Quantitative responses were analysed using descriptive statistics and
percentage agreement, while qualitative responses were analysed using inductive thematic
analysis. The findings show strong expert support for multimodal sensing, edge-based
analysis, cloud retraining, user feedback, and cloud logging within the technical panel,
alongside strong clinical support for multimodal monitoring, personalised recommendations,
and the importance of reducing alert delays and false positives. The results also highlight
key design requirements including personalised baseline formation, hybrid model initial-
isation, multimodal fusion, context-aware interpretation, persistence windows, cooldown

mechanisms, escalation logic, clinical oversight, and governance-oriented interoperability.
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In response, the architecture was refined through the introduction of a dedicated analytics
and calibration layer and a hybrid edge-cloud processing view. The study contributes a
traceable, deployment-oriented architecture that moves beyond algorithm-centred design and
provides clinically and technically informed guidance for IoT-based depression monitoring

and decision support.

Publication Note

This chapter is based on the submitted article:

Zamani, S., Sinha, R., Madanian, S., & Nguyen, M. An expert-informed architecture for
deployment-oriented loT-based depression management. Submitted to Journal of Healthcare
Informatics Research

The remainder of this chapter is based on the published article, with minor formatting

adjustments made to align it with the structure and argument of this thesis.

11.2 Introduction

The rapid development of IoT technologies has expanded continuous health monitoring
beyond conventional clinical settings. In digital mental health, smartphones, wearables,
and ambient sensors are increasingly used to capture behavioural and physiological signals
associated with depression [144, 139]. These data sources support passive sensing of sleep,
activity, mobility, communication behaviour, and cardiovascular indicators such as heart rate
and heart rate variability, enabling longitudinal assessment with minimal burden on users
[204, 205].

Compared to periodic self-report and clinical observation, passive sensing can identify
subtle behavioural changes that may precede deterioration. However, real-world deployment
remains challenging. Behavioural anomaly detection systems may generate false-positive
alerts when normal behavioural fluctuations are misclassified as clinically relevant changes
[206]. Sensor unreliability, missing data, device limitations, and network interruptions
can also degrade monitoring performance and system stability [207]. Clinically, such
systems must also support trustworthy alerts, workflow integration, patient engagement, and
regulatory compliance, including privacy, consent, and medical device requirements [208].

To address these challenges, this study presents an expert-informed architecture for
IoT-based depression management, extending [oTMindCare [26] through input from both
technical and clinical experts involved in mental health assessment and care delivery. The
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refined architecture introduces a dedicated analytics and calibration layer to support person-
alised baseline formation, hybrid model initialisation, multimodal fusion, anomaly detection,
and context-aware interpretation of behavioural change. In parallel, it defines a hybrid edge-
cloud processing view that allocates low-latency screening and alerting functions to edge
resources while assigning long-term storage, model adaptation, interoperability services, and
governance support to cloud resources. Together, these refinements improve architectural
coherence, deployment feasibility, and clinical relevance.
The main contributions of this study are as follows:

» Expert-informed technical, clinical, and operational requirements for IoT-based de-

pression management through a structured expert evaluation.

* Refined logical architecture for IoTMindCare incorporating high-priority features
identified by clinical and technical experts, such as a dedicated analytics and calibration
layer supporting personalised baselines, context-aware interpretation, multimodal
fusion, and calibration-driven decision-making [26]. The resulting logical architecture

view shows the system’s functional layering and cross-cutting concerns.

* Hybrid edge-cloud processing view to allocate responsibilities across edge and cloud
resources to support timely screening, progressive personalisation, scalable retraining,

and deployment-oriented governance requirements.

* Governance- and clinically-informed design guidance integrating safety, clinical over-
sight, privacy, interoperability, and regulatory considerations into the refined architec-
ture to support future healthcare implementation.

The literature review in Section 11.3 identifies the gap in deployment-oriented archi-
tectural integration for IoT-based depression management, motivating the proposed expert-
informed architecture. Section 11.4 presents the mixed-method expert evaluation design used
to derive technical, clinical, and operational requirements. Section 11.5 presents the expert
findings and introduces the refined logical architecture and hybrid edge-cloud processing
view of [oTMindCare. Section 11.6 discusses the architectural implications of the findings,
including calibration-driven modelling, alert governance, hybrid processing allocation, and
governance-aware design. Finally, Section 11.7 summarises the main contributions of the

study, while Section 11.7 outlines directions for future research and implementation.
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11.3 Literature Review

This section reviews the literature relevant to the development of deployment-oriented
IoT-based depression management systems. The review is organised progressively from
behavioural sensing and personalised modelling to anomaly detection, alert governance,
edge-cloud processing, and regulatory considerations. This structure reflects the study’s
architectural focus by moving from sensing and modelling foundations to system-level
integration, deployment, and governance requirements. The section concludes by identifying

the research gap that the proposed expert-informed IoTMindCare architecture addresses.

11.3.1 IoT-based Behavioural Sensing for Mental Health

IoT-enabled digital phenotyping has emerged as an effective approach for capturing be-
havioural markers associated with mental health conditions. Smartphones, wearables, and
ambient sensors can continuously collect signals related to mobility, sleep, physical activity,
communication behaviour, and physiological factors [209]. Recent reviews show that these
modalities are among the most frequently studied indicators in digital psychiatry and may
provide meaningful proxies for depressive symptom change [14, 210].

Empirical studies further indicate that depression is associated with measurable changes
in everyday behaviour, including reduced mobility, irregular sleep patterns, and decreased
activity levels [211, 212]. Nevertheless, the evidence base remains uneven. Recent system-
atic reviews report moderate predictive performance, substantial heterogeneity in feature
engineering, and limited external validation, which restricts the clinical reliability of current
models [13]. In practice, sensor noise, missingness, and device variability remain major

obstacles to robust longitudinal monitoring.

11.3.2 Personalised Behavioural Modelling

A consistent finding in the literature is that behavioural patterns linked to depression are
highly individualised [213]. Consequently, deviations from a person’s own baseline are often
more informative than comparisons with population-level thresholds. This has led to growing
interest in idiographic and personalised modelling approaches.

Recent longitudinal evidence supports this direction. Balliu et al. [213] showed that
personalised models built from smartphone behavioural data improved mood prediction
substantially over non-personalised baselines. At the same time, other work has shown

that passive sensing does not always outperform self-report in heterogeneous cohorts [214].
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These findings indicate that reliable monitoring systems should combine passive sensing

with personalised calibration rather than treating either component in isolation.

11.3.3 Machine Learning for Behavioural Anomaly Detection

Machine learning methods are widely used to identify behavioural deviations that may
indicate deterioration in mental health. Because clinically labelled datasets are limited, many
studies rely on unsupervised or semi-supervised learning, including clustering, autoencoders,
one-class classifiers, and anomaly detection methods [215].

The literature consistently suggests that multimodal models are more informative than
single-sensor approaches. Moshe et al. [211] found that combining smartphone, wearable,
and self-reported data improved predictive performance relative to individual modalities.
However, not all features contribute equally. Andersen et al. [212] reported that sleep-related
variables were more informative than generic smartphone-use measures in predicting stress
and depressive symptoms. Overall, the evidence supports modelling strategies that emphasise

clinically meaningful features, temporal structure, and multimodal integration.

11.3.4 Alert Governance, Trust, and Workflow Integration

For clinically oriented monitoring systems, predictive performance is insufficient to ensure
practical usefulness. Monitoring outputs must be translated into alerting and review processes
that minimise unnecessary burden, preserve trust, and align with clinical workflows. In
particular, the value of behavioural anomaly detection depends on whether changes can be
identified, and also on how alerts are filtered, prioritised, reviewed, and escalated in practice
[216].

This issue is especially important in mental health settings, where false positives may
reduce user and clinician trust, while missed critical events may have serious consequences.
Accordingly, deployment-oriented monitoring systems should incorporate persistence win-
dows, alert suppression or cooldown mechanisms, contextual interpretation, and clinician
review to help distinguish short-lived behavioural fluctuations from clinically meaningful
change while limiting unnecessary alert burden [217]. These requirements should not be
treated merely as operational considerations arising after model development; rather, they
represent architectural design requirements that shape how sensing outputs are interpreted,
how services coordinate alerting and review, and how responsibilities are distributed across
users, caregivers, and clinicians. These considerations are consistent with broader digi-
tal mental health and healthcare governance literature emphasising safety, interpretability,

human oversight, and responsible deployment [208, 218].
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11.3.5 Edge-Cloud Architectures in IoT Healthcare

IoT healthcare systems increasingly adopt edge-cloud architectures to balance responsiveness,
scalability, and privacy [219]. Edge devices enable local preprocessing and low-latency
inference close to the data source, while cloud infrastructure supports long-term storage,
model training, and cross-user analysis [164]. This division leads to continuous mental health
monitoring, where timely detection and efficient handling of sensitive data are both required.

Recent reviews of [oT healthcare indicate that hybrid edge-cloud designs are well-
suited to continuous monitoring applications, especially when data streams are high-volume,
time-sensitive, and privacy-sensitive [219]. For behavioural monitoring systems, edge
processing can reduce communication overhead and support early detection, while cloud-
based analytics can facilitate personalised model adaptation and broader longitudinal learning
[164]. Importantly, in such systems, edge-cloud design should not be viewed only as an
infrastructure choice. Rather, it represents an architectural allocation of responsibilities
across distributed resources, determining where preprocessing, feature extraction, anomaly
screening, alert generation, storage, retraining, interoperability, and governance-related
services should reside. This architectural perspective is particularly relevant to depression
monitoring, where latency, resilience, privacy, and clinical accountability must be considered

together.

11.3.6 Regulatory and Interoperability Considerations

Deployment in healthcare settings requires compliance with regulatory, interoperability,
and governance requirements. Standards such as HL7 FHIR [220] support the structured
exchange of health data and facilitate integration with electronic health records. In contrast,
privacy frameworks such as GDPR [221] and HIPAA [222] impose important constraints on
the collection, storage, and processing of sensitive health information. In addition, software
used in clinical contexts may fall under medical device software requirements, particularly
when monitoring outputs contribute to decision-making or intervention workflows.
Accordingly, systems intended for mental health monitoring must incorporate privacy,
security, interoperability, and lifecycle management into the design stage rather than as
post hoc additions [218]. These requirements are especially vital when monitoring outputs
may influence clinical judgement, trigger alerts, or support ongoing care. While interna-
tional frameworks provide useful reference points, real-world deployment also depends on

jurisdiction-specific privacy, consent, data residency, and clinical governance requirements.
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11.3.7 Research Gaps

Although the literature has established the promise of passive sensing and machine learning
for mental health monitoring, most studies remain focused primarily on predictive per-
formance at the algorithmic level. Comparatively less attention has been given to how
personalised calibration, baseline formation, context-aware interpretation, alert governance,
workflow integration, hybrid edge-cloud allocation, and deployment governance should be
integrated into a coherent system architecture. As summarised in Table 11.1, prior work
has advanced multimodal sensing and personalised modelling, but has given more limited
attention to calibration-driven system design, architecture-level integration, and deployment-
oriented workflow and governance requirements.

The resulting gap is therefore not simply the absence of more accurate predictive models.
Rather, it is the limited treatment of architecture as the level at which behavioural sensing,
personalisation, alert handling, clinical oversight, distributed processing, and governance
constraints are brought together into an integrated design. Without such architectural inte-
gration, even promising sensing and modelling techniques remain difficult to translate into
clinically credible and deployment-oriented systems.

This gap motivates the refinement of loTMindCare as an expert-informed architecture
for IoT-based depression management [26]. In response, this study extends the architecture
through a dedicated analytics and calibration layer and a hybrid edge-cloud processing
view that together support personalised baseline formation, multimodal interpretation, alert

governance, and deployment-oriented clinical and governance requirements.

11.4 Research Design

To develop and evaluate an expert-informed architecture for deployment-oriented loT-based
depression management, this study employed a cross-sectional mixed-method expert eval-
uation design. Such approaches are well-suited to healthcare technology research when
real-world deployment evidence is limited and informed expert judgement is needed to
assess architectural relevance, perceived feasibility, clinical appropriateness, and deployment-
oriented design requirements [224]. In this study, the evaluation collected both quantitative
ratings and qualitative feedback to guide the evolution of the proposed architecture from both
technical and clinical perspectives.

To develop and evaluate an expert-informed architecture for deployment-oriented [oT-
based depression management, this study employed a cross-sectional mixed-method expert
evaluation design. Such approaches are well-suited to healthcare technology research when

real-world deployment evidence is limited and informed expert judgement is needed to
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assess architectural relevance, perceived feasibility, clinical appropriateness, and deployment-
oriented design requirements [224]. In this study, the evaluation collected both quantitative
ratings and qualitative feedback to support the development of the proposed architecture. In
particular, the study examined how IoTMindCare [26], initially developed from a predomi-
nantly technological perspective, could be extended through expert input to better address
the practical, clinical, governance, and deployment-related requirements of depression man-
agement.

The study was conducted in the context of [oTMindCare [26], an loT-based depression
management architecture integrating multimodal sensing, hybrid edge-cloud processing, and
anomaly detection capabilities. Given the safety-critical and clinically sensitive nature of
depression management, the evaluation was designed around two complementary expert
panels. The technical expert panel examined architectural components and design decisions
related to sensing modalities, calibration, edge-cloud processing, anomaly detection, cloud
integration, and regulatory considerations. The clinical expert panel examined design issues
related to clinical usefulness, alert reliability, workflow integration, patient engagement,
safety, and compliance with privacy and medical device requirements. Together, these
panels provided complementary technical and clinical perspectives on the suitability of the
architecture for deployment-oriented depression management.

A total of 22 experts participated in the study, comprising 14 technical experts and 8 clini-
cal experts. Experts were recruited using purposive sampling based on their professional and
academic experience relevant to the study aims. Potential participants were identified through
professional networks, academic contacts, and direct invitations and invited to participate if
they had substantial experience in fields aligned with the questionnaire domains. Eligibility
for the technical panel required expertise in areas such as [oT systems, machine learning,
software architecture, digital health technologies, or related engineering and computing do-
mains. Eligibility for the clinical panel required relevant experience in mental health practice,
psychological care, clinical decision-making, or related healthcare roles. Across both panels,
participants were selected based on domain knowledge and their capacity to provide informed
judgment on architectural feasibility, clinical relevance, safety, and deployment-oriented
design requirements. Figure 11.1 illustrates the workflow of the expert evaluation process,
from expert recruitment and questionnaire design to data collection, analysis, and architecture
refinement.

Two domain-specific questionnaires were developed for technical and clinical experts.
The instruments were aligned with each panel’s expertise while retaining a comparable overall
structure to support cross-group interpretation. The questionnaires were organised around key

architectural and deployment-oriented themes, including data collection, system initialisation,
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Fig. 11.1 Workflow of the mixed-method expert evaluation, showing the initial architecture
context, expert recruitment, questionnaire design, data collection, analysis, and architecture
refinement.

data processing, monitoring mechanisms, anomaly detection, feedback processes, technical
or clinical practice context and perceptions, and legal and regulatory considerations. Each
questionnaire included Likert-scale items to assess agreement and perceived importance,
ranking and multiple-choice questions to prioritise system components, matrix-based items
to map functionalities to architectural concerns, and open-ended questions to capture more
detailed expert perspectives. The questionnaires were pilot-tested before distribution to
improve clarity, completeness, and relevance. The technical panel included researchers and
practitioners with experience in [oT, machine learning, software systems, and digital health,
while the clinical panel included professionals with experience in mental health assessment,
care delivery, and patient management.

Data were collected through a secure online survey platform, enabling geographically
distributed participation while preserving anonymity. Experts evaluated key aspects of the
proposed architecture, including sensing modalities, personalisation strategies, edge-cloud
processing, anomaly detection mechanisms, cloud services, alert workflows, clinical role
allocation, and regulatory considerations.

Quantitative responses were analysed using descriptive statistics, including mean, median,
standard deviation, and percentage agreement. For Likert-scale items, agreement was defined
as the proportion of respondents selecting agree or strongly agree. Neutral responses were
retained in the denominator but were not counted as agreement. A 70% agreement threshold

was used as an interpretive indicator of substantial expert support, consistent with prior
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consensus-methods literature showing that percentage-based agreement thresholds in Delphi
[225] and related expert panel studies commonly fall in the 70-80% range, with 75% reported
as the median threshold in a systematic review of Delphi studies [226—228]. Values above
85% were interpreted in this study as indicating stronger support; however, this higher
threshold was used only as an interpretive guide rather than as a universal or formal Delphi
criterion. Accordingly, these thresholds were used to distinguish areas of relatively stronger
and weaker expert endorsement, rather than to claim consensus in the strict Delphi sense,
for which definitions remain heterogeneous across studies and should be specified a priori
[226, 229, 230].

The qualitative component was analysed using reflexive thematic analysis to system-
atically identify patterns in expert feedback and inform architectural refinement. Qualita-
tive responses from open-ended questions were analysed using reflexive thematic analysis
following Braun and Clarke’s six-phase framework [231]. The analysis began with data
familiarisation, followed by inductive coding to identify meaningful patterns across expert
responses without imposing predefined categories. Codes were then grouped into candidate
themes representing key design requirements, concerns, and priorities.

Themes were iteratively reviewed and refined to ensure coherence and alignment with the
original data, and subsequently defined in relation to architectural, clinical, and deployment
considerations. An iterative and reflexive approach was adopted throughout the process
to enhance analytical trustworthiness. Theme frequency was reported as the number of
participants referencing a given idea; as responses could contribute to multiple themes,
counts are not mutually exclusive.

Findings from the quantitative and qualitative analyses were integrated to identify key
areas of support, highlight critical design requirements, and reveal important limitations
or concerns. Rather than treating the exercise as a formal consensus-building process,
the analysis was used to support evidence-informed architectural refinement, while also
retaining less common but important concerns where these had implications for safety,
clinical use, or deployment. To support traceable refinement, the key findings were mapped
to specific architectural implications and then translated into changes affecting either the
logical architecture view, the hybrid edge-cloud processing view, or both.

Ethical approval was obtained from the Auckland University of Technology Ethics
Committee (AUTEC). Participation was voluntary, informed consent was obtained from all
experts, and all responses were anonymised and reported in aggregated form.

Overall, this methodology provides a structured multidisciplinary basis for expert-
informed architectural refinement of [oTMindCare [26], supporting assessment of its techni-

cal relevance, clinical appropriateness, and deployment-oriented design considerations.
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11.5 Results

This section presents findings from technical and clinical expert evaluations and explains
how they informed refinement of the loTMindCare architecture [26]. The results are organ-
ised by expert panel and, within each panel, into qualitative and quantitative components.
The qualitative analyses identify the principal design themes related to calibration, model
initialisation, edge-cloud allocation, anomaly detection, clinical workflow, alert trust, and reg-
ulatory requirements, while the quantitative results summarise the level of expert agreement

supporting these design directions.

11.5.1 Findings from Technical Expert Feedback
Qualitative Analysis

Calibration and system initialisation The qualitative analysis of open-ended responses
from technical experts showed strong support for multi-layer calibration across sensing,
modelling, and alert management. As summarised in Table 11.2, the most frequently
cited requirements were personalised behavioural baselines, sensor calibration and quality
assurance, threshold tuning with temporal persistence, context-aware interpretation, and
multi-sensor fusion.

This feedback suggests that reducing false positives depends on the interaction among
individual behavioural patterns, contextual information, and robust sensing, rather than on
threshold tuning alone. Experts also emphasised the handling of missing data and the control
of alert burden, indicating that system reliability requires mechanisms capable of distinguish-
ing transient behavioural variation from clinically meaningful change. Architecturally, these
findings support the introduction of a dedicated analytics and calibration layer responsible
for personalised baseline formation, threshold tuning, multimodal fusion, context-aware

interpretation, and calibration-driven alert control.

Model initialisation Experts consistently supported a hybrid model initialisation strategy.
Personalised models were considered essential for capturing individual behavioural variability
and improving detection accuracy. In contrast, generic pre-trained models were viewed as
necessary during the onboarding phase to address the cold-start problem.

Overall, the findings in Table 11.2 indicate that population-level models should provide
an initial stable baseline, followed by progressive personalisation as user-specific data accu-
mulate. This staged approach balances early-stage robustness with longer-term sensitivity to

within-person behavioural change. This supports explicitly representing hybrid initialisation
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Table 11.2 Technical Expert Feedback: Calibration, personalised initialisation, and generic

model setup

Key parameters for system calibration to reduce false positives

Theme Description Frequency
Personalised baselines Calibration of individual behavioural norms rather than popu- | 4

lation averages.
Sensor calibration and qual- | Device placement, sampling configuration, and noise filtering. | 4
ity assurance
Thresholds, smoothing, and | Temporal smoothing and persistence rules to avoid transient | 4
persistence alerts.
Context-aware rules Incorporation of behavioural and environmental context. 4
Multi-sensor fusion Weighted integration of multiple sensing modalities. 4
Alert control mechanisms Cooldowns, aggregation windows, and prompt limits. 3
Missing-data handling Tolerance thresholds and imputation strategies. 2
Model-level tuning Adjustment of anomaly thresholds and feature weights. 2
Clinical linkage Mapping anomalies to clinical interpretation. 1

Feedback on Personalised Model Initialisation

Theme Description Frequency
Individual variability Behavioural indicators vary across users; personalisation im- | 5

proves accuracy.
Cold-start limitation Lack of initial data limits early-stage performance. 3
Hybrid modelling Combination of generic and personalised models recom- | 2

mended.
Overfitting risk Sensitivity to short-term behavioural variation. 2
Operational complexity Increased computational and maintenance requirements. 2
Clinical oversight Need for clinician involvement in interpretation. 1

Expert Perspectives on Generic Pre-Trained Models

Theme Description Frequency
Cold-start practicality Enables system operation without user history. 2
Stable baseline Provides reliable early-stage monitoring. 1
Noise robustness Reduces sensitivity to limited or noisy data. 1
Progressive personalisation | Transition toward personalised models over time. 2

Note: Frequencies indicate the number of respondents who mentioned a theme. Because individual responses
could refer to more than one theme, totals may exceed the number of participants.

and progressive adaptation within the logical architecture, while also informing the hybrid

processing view, in which ongoing model updating and retraining are allocated across edge

and cloud resources.

Edge-cloud processing Experts showed strong agreement that edge and cloud computing

play complementary roles (Table 11.3). Edge processing was associated with low-latency de-

tection, resilience, and privacy, whereas cloud platforms were linked to scalable computation,

model retraining, and long-term analytics.
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Table 11.3 Deployment architecture, cloud platform selection, and cloud integration

Edge vs cloud processing trade-offs

Theme Description Frequency
Edge advantages Low latency, offline capability, privacy preservation. | 6
Edge limitations Limited computation and storage. 5
Cloud strengths Scalable computation, storage, retraining, analytics. 6
Hybrid recommendation Edge for real-time, cloud for long-term processing. 5
Operational trade-offs Cost, security, and connectivity considerations. 6
Cloud platform selection for IoT-based depression management
Theme Short description Frequency
AWS / Amazon Web Services Mature IoT ecosystem, edge support, and microser- | 9

vices for deployment.
Microsoft Azure / Azure IoT Hub Strong healthcare integration, FHIR services, EHR | 6
support, and security.
Google Cloud / Vertex Al / GCP Strong Al and analytics capabilities, but weaker native | 4

IoT support.

TIoT-specific platform features Sensor ingestion, dashboards, IoT hubs/core services, | 4
and edge computing support.

Machine learning / Al support Cloud AI/ML tools for prediction and optimisation. 2

Real-time dashboards / ingestion Practical support for live monitoring and data | 2
pipelines.

Scalability / deployment feasibility | Ability to support larger IoT deployments and produc- | 2
tion workloads.

Healthcare / clinical support FHIR, EHR integration, and healthcare security re- | 1
quirements.
Cloud service integration and deployment constraints
Theme Short description Frequency

Integrated multi-service architecture | Experts preferred a fully integrated and interdependent | 2
cloud stack.

Privacy and data residency Clinical data should comply with local privacy and | 1
residency requirements.

Specific cloud services Azure API Management, AWS API Gateway, Azure | 1
Health Data Services (FHIR).

Survey design limitation Radio buttons restricted multiple selections. 1

Note: Frequencies indicate the number of respondents who mentioned a theme. Because individual responses
could refer to more than one theme, totals may exceed the number of participants.

These findings support a hybrid processing allocation in which low-latency screening
and local resilience are handled at the edge, while longitudinal analytics, retraining, and
governance-related services are handled in the cloud. Rather than treating edge and cloud as
interchangeable infrastructure options, the findings suggest that they should be understood as

serving distinct but complementary architectural responsibilities.

Cloud platform selection and service integration Responses on cloud platform selection
in Table 11.3 indicate a clear preference for hyperscaler ecosystems over lightweight proto-
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typing platforms. AWS was the most frequently cited option, primarily because of its mature
IoT ecosystem, flexible microservices support, and suitability for edge-enabled deployments.
Microsoft Azure was also strongly supported, particularly for healthcare-oriented capabilities
such as FHIR services, EHR integration, and security support. Google Cloud was mentioned
less frequently and was mainly associated with Al and analytics capabilities, although several
experts noted that its native IoT support is less comprehensive than that of AWS or Azure.

Responses emphasised that loT-specific platform features, including sensor ingestion,
dashboards, and edge computing support, are important for practical deployment. Overall,
these findings suggest that cloud platform selection should be guided primarily by inter-
operability, integration capability, healthcare-oriented services, and deployment-oriented
requirements. Within this expert sample, AWS and Azure were the most frequently pre-
ferred platforms, while Google Cloud was more often cited for specialised analytics and Al
functions.

Responses further indicated that cloud services should be treated as part of an integrated
and interdependent architecture rather than as isolated components. Experts emphasised
the importance of privacy, data residency, and regulatory compliance for clinical data,
and referred to services such as Azure API Management, AWS API Gateway, and Azure
Health Data Services (FHIR) as useful examples for supporting interoperability and secure
integration.

Taken together, these responses reinforce the need for a deployment-oriented cloud layer
in [oTMindCare that supports secure API management, healthcare interoperability, and
regulatory compliance. They also suggest that platform selection should prioritise integration
readiness and clinical deployment considerations, with lightweight environments remaining

more suitable for prototyping than for production-oriented use.

Anomaly detection Experts identified unsupervised and semi-supervised methods as the
most appropriate approaches for behavioural anomaly detection, particularly in the absence
of labelled clinical data (Table 11.4). Temporal models such as LSTM and GRU were
recommended for capturing sequential behavioural patterns, while hybrid and ensemble
approaches were preferred to improve robustness. Architecturally, this reinforces the need to
treat anomaly detection as part of a broader calibration and interpretation pipeline rather than
as an isolated model-selection problem.

The findings further indicate that feature selection, temporal persistence, and multimodal
fusion are more critical than algorithm selection alone, reinforcing the need for calibration-

driven modelling.
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Table 11.4 Anomaly detection methods and regulatory/standards considerations

Machine learning approaches for anomaly detection

Theme Description Frequency

Unsupervised methods | Isolation Forest, autoencoders, clustering. 5

Temporal models LSTM/GRU for sequential behavioural patterns. | 5

Supervised methods Used when labelled data are available. 4

Hybrid approaches Multi-model and multimodal fusion strategies. 3

Regulatory and standards considerations

Theme Description Examples

Privacy and data pro- | Consent, minimisation, secure processing GDPR, HIPAA

tection

Interoperability Standardised data exchange HL7 FHIR,
SNOMED CT

Medical device compli- | Software lifecycle and safety standards IEC 62304, ISO

ance 13485

Security controls Access control, encryption, auditing ISO 27001

Clinical governance Oversight and accountability mechanisms Clinical proto-
cols

Note: Frequencies indicate the number of respondents who mentioned a theme. Because individual responses
could refer to more than one theme, totals may exceed the number of participants.

Regulatory considerations Regulatory and governance requirements were identified as
integral to system design (Table 11.4). Experts emphasised privacy and data protection,
interoperability standards, and medical device compliance as core requirements. Security
controls, data residency, and clinical governance were also highlighted.

These findings indicate that compliance considerations must be embedded throughout
the system lifecycle, from data collection and processing to alert generation and clinical
integration. Architecturally, this supports representing governance and interoperability as
cross-cutting concerns that constrain data handling, service integration, alert workflows, and

clinical use across the system.

Quantitative Analysis

The closed-ended responses showed strong technical support for the proposed architecture
across its core functions. Full agreement was observed for edge-based analysis, cloud
retraining, user feedback, and cloud logging (14/14, 100.0%). High agreement was also
reported for multimodal sensing, post-processing, and bidirectional communication (13/14,
92.9%), while edge feasibility, latency reduction, and overall technical feasibility each
reached 12/14 (85.7%). Missing-data handling received the lowest level of agreement
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among the closed-ended items (11/14, 78.6%), indicating that although experts recognised
its importance, implementation choices in this area require careful design and validation.
Overall, these findings provide substantial support for multimodal sensing, real-time edge
processing, cloud-side retraining, and feedback-driven monitoring, while also indicating that

missing-data handling should remain adaptive and context sensitive.

11.5.2 Findings from Clinical Expert Feedback
Qualitative Analysis

Clinical experts reported limited awareness of specific digital depression monitoring tools.
Although a small number mentioned consumer applications such as Daylio [232], most
respondents could not recall a specific system. This suggests that digital mental health tools
are not yet strongly embedded in routine clinical awareness or practice.

Across the regulatory and ethical questions, privacy and informed consent emerged as
the most consistent concerns. Experts highlighted the Privacy Act 2020 [233], medical
device regulations, patient safety, cybersecurity, accessibility, and cultural considerations as
central requirements. They also emphasised clinician accountability, escalation protocols,
and ethical Al use, indicating that clinical deployment must preserve oversight, traceability,
and equitable access. When the system was framed as a patient-facing support tool, experts
supported a lighter regulatory burden, but still required strong safeguards for privacy, safety,
and validated self-monitoring (Table 11.5).

Open-ended responses reinforced these perspectives. Experts described the proposed
architecture as promising for early alerts, personalised support, and real-time monitoring,
while also stressing the need to balance engagement, privacy, safety, and clinical accuracy.
Several respondents noted that patients with severe depression may experience difficulties
with adherence, making usability and low-burden design especially important. Personalisa-
tion was repeatedly identified as essential for sustained engagement and therapeutic alliance.
Architecturally, these findings support a stronger emphasis on alert governance, human re-
view, low-burden interaction, and role-aware workflow design within the service and interface

layers.

Quantitative Analysis

The closed-ended responses showed strong clinical support for the proposed architecture.
Full agreement was reached for multimodal data for anomaly detection, personalised rec-
ommendations, patient involvement in setup, digital literacy, and the overall value of digital
health (8/8, 100.0%). Experts also unanimously agreed that delayed alerts and false positives
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Table 11.5 Main themes from open-ended responses by clinical experts

Theme Key insight Frequency
Personalisation Tailor recommendations and thresholds to the indi- | 2
vidual.
Trustworthy alerts Reduce delay and false positives; keep alerts clini- | 3
cally reliable.
Role-specific workflows Distribute responsibilities across clinical roles. 3
Regulatory compliance Address privacy, consent, safety, and medical device | 6
rules.
Engagement and adher- | Minimise burden to support long-term use. 4
ence

Note: Frequencies indicate the number of respondents who mentioned a theme. Because individual responses
could refer to more than one theme, totals may exceed the number of participants.

erode trust (8/8, 100.0%), underscoring the importance of timely, clinically reliable alerting.
Moderate agreement was observed for local alerts for mild or moderate cases, trust in alerts at
>90% accuracy, event summaries via an app or portal, and the system’s potential to address
unmet needs (6/8, 75.0%), while patient confirmation or cancellation of false alarms received
7/8 (87.5%). In contrast, only 2/8 (25.0%) agreed that missing an alert may be acceptable,
indicating strong expert rejection of false negatives in safety-critical situations. Overall, these
findings suggest that clinical acceptance depends not only on personalisation and multimodal
monitoring but also on high-sensitivity alerting, trustworthiness, and the preservation of

human oversight.

11.5.3 Extending the IoTMindCare Architecture

The technical and clinical findings together informed two complementary refinements of
the JoTMindCare architecture. First, the logical architecture was extended by introducing
a dedicated analytics and calibration layer to support hybrid model initialisation, person-
alised baselines, multimodal fusion, anomaly detection, context-aware interpretation, and
calibration-driven decision-making. In parallel, the service layer was refined to more ex-
plicitly reflect alert governance requirements, including persistence windows, cooldown
mechanisms, escalation logic, clinician review, and workflow support. These refinements are
reflected in the logical architecture view shown in Figure 11.2, which presents the system’s
functional layers alongside the cross-cutting roles of progressive personalisation, safety and
clinical oversight, and governance and interoperability.

Second, the expert findings reinforced the need for a hybrid edge-cloud processing
view in which computational responsibilities are distributed based on latency, scalability,
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Interface Layer
User and clinician dashboards, event summaries, feedback capture, and
review.

Service Layer
Alert governance, workflow support, persistence windows, cooldown
mechanisms, escalation logic, clinician review, and synchronisation between
edge and cloud.

Analytics and Calibration Layer
Hybrid model initialisation, personalised baselines, multimodal fusion,
anomaly detection, context modelling, threshold tuning, and drift detection.

Data Processing and Storage
Noise filtering, missing-data handling, feature extraction, local buffering,
synchronisation, and distributed short- and long-term storage.

HL7 FHIR-based integration.

Progressive Personalisation
Generic-to-personalised adaptation, personalised thresholds, and
user-specific behavioural baselines.

Network and Communication
Secure transmission, gateway coordination, device-cloud synchronisation,
and interoperability support.

Safety and Clinical Oversight
False-positive reduction, high-sensitivity escalation, minimisation
of missed critical events, and human review.
Governance and Interoperability
Consent, auditability, regulatory compliance, secure APIs, and

Multimodal Sensing
Multimodal physiological, behavioural, and environmental sensing.

Fig. 11.2 Logical architecture view of IoTMindCare, showing the functional layering of
the system and the cross-cutting roles of progressive personalisation, safety and clinical
oversight, and governance and interoperability.

resilience, and governance requirements. In this refined view, edge resources support local
preprocessing, feature extraction, short-term context interpretation, immediate screening, low-
latency alerting, and offline resilience, while cloud resources support longitudinal storage,
baseline updating, model retraining, drift detection, cross-user learning, interoperability
services, and governance support, as shown in Figure 11.3.

Across both views, the findings also highlighted several cross-cutting design priorities.
Progressive personalisation must move from generic model initialisation toward user-specific
adaptation as more behavioural data becomes available. Safety and clinical oversight must
address not only false-positive reduction but also the minimisation of missed critical events
through high-sensitivity escalation and human review. In addition, governance and interoper-
ability requirements, including privacy, consent, auditability, interoperability, and regulatory
compliance, must be embedded throughout the architecture rather than treated as external
constraints.

To make the refinement process explicit, Table 11.6 summarises how the main technical
and clinical expert findings were translated into specific architectural refinements. This
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Interface Layer

User Dashboard } Clinician Dashboard ‘ Event Summaries ‘ Review and Feedback
Edge Environment Cloud Environment
Edge preprocessing and feature extraction Longitudinal storage and synchronisation
* Noise filtering *  Long-term storage
= Missing-data tolerance = History aggregation
= Short-term feature extraction =  Cross-session synchronisation
.

Local buffering

Cloud analytics and adaptation

Edge analytics and screening + Baseline updating

= Thresholding = Model retraining

= Short-term context interpretation = Drift detection

»  |mmediate screening = Cross-user learning
N

Low-latency alerts

Governance and interoperability services

Edge resilience

= Auditlogging

= Consent and access control
= SecureAPls

= Standard integration

= Offline continuity
= Deferred synchronisation

| Multimodal Sensing |

Progressive Personalisation Safety and Clinical Oversight Governance and Interoperability

Fig. 11.3 Hybrid edge-cloud processing view of [oTMindCare, showing the allocation of real-
time screening, local resilience, and immediate alerting to edge resources, and the allocation
of longitudinal analytics, model adaptation, interoperability services, and governance support
to cloud resources.

mapping provides traceability between the expert-derived requirements, the resulting design

decisions, and the architecture views affected by those decisions.

11.6 Discussion

This study aimed to extend loTMindCare [26], an IoT-based architecture for depression
management through structured input from both technical and clinical experts. Overall,
the findings suggest that a deployment-oriented depression monitoring architecture should
extend beyond multimodal sensing and anomaly detection alone. Instead, it should explicitly
incorporate personalised baseline formation, hybrid model initialisation, context-aware
interpretation, alert governance, hybrid edge-cloud processing, and cross-cutting governance
requirements. In this regard, the present work contributes an architecture-level response to
a gap in the literature, where prior studies have focused primarily on predictive modelling
performance rather than how to integrate them into a clinically and operationally coherent
system.

One of the most important findings was the strong emphasis on calibration. Technical

experts consistently highlighted the need for personalised baselines, sensor quality assurance,
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Table 11.6 Traceable mapping from expert findings to architectural refinements
Expert finding Evidence Architectural refinement Affected
source view

Need for person-
alised baselines and
threshold tuning

Section 11.5.1

Introduction of a dedicated analytics
and calibration layer supporting base-
line formation, threshold tuning, and
calibration-driven decision-making

Logical view

Need for generic
and personalised
model initialisation

Section 11.5.1

Hybrid model initialisation with pro-
gressive personalisation as user-specific
data accumulate

Logical and
processing
views

Need for multi-
modal fusion and
context-aware

Section 11.5.1

Analytics and calibration layer ex-
panded to include multimodal fusion
and context modelling

Logical view

ability, and compli-
ance

interpretation

Need for low- | Sections 11.5.1, | Allocation of preprocessing, short-term | Processing
latency screening | 11.5.1 interpretation, immediate screening, | view

and offline re- and local alerting to edge resources

silience

Need for retraining, | Sections 11.5.1, | Allocation of storage, retraining, drift | Processing
longitudinal analyt- | 11.5.1 detection, and cross-user learning to | view

ics, and drift detec- cloud resources

tion

Need to reduce | Sections 11.5.1, | Refinement of the service layer to in- | Logical view
false positives and | 11.5.2 clude persistence windows, cooldown

alert burden mechanisms, and alert governance logic

Need to minimise | Sections 11.5.2, | Safety and clinical oversight repre- | Both views
missed critical | 11.5.2 sented as a cross-cutting concern with

events and preserve escalation logic and clinician review

human oversight

Need for privacy, | Sections 11.5.1, | Governance and interoperability repre- | Both views
consent, interoper- | 11.5.2 sented as a cross-cutting concern affect-

ing communication, storage, services,
and integration

threshold tuning, temporal persistence, context-aware rules, and multimodal fusion. This

indicates that behavioural anomaly detection in depression management should not be treated

as a single model-selection problem. Rather, it should be understood as part of a broader

calibration and interpretation pipeline in which sensing quality, behavioural context, temporal

smoothing, and alert-control logic jointly affect reliability. This finding extends prior work

on personalised behavioural modelling and passive sensing [213, 211, 214] by showing that

the architectural mechanisms supporting personalisation are as important as the predictive

models themselves.
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A second key finding concerns the role of hybrid model initialisation. Experts supported
the use of generic pre-trained models during onboarding together with progressive adaptation
toward user-specific models as more data become available. This is especially important in
mental health monitoring, where individual behavioural baselines differ substantially and
where the cold-start problem can undermine early-stage performance. The implication is that
personalisation should be designed as a staged architectural process rather than assumed to
emerge automatically from downstream analytics. The introduction of a dedicated analytics
and calibration layer therefore represents a meaningful refinement, because it makes explicit
the functions required to support baseline formation, hybrid initialisation, anomaly detection,
multimodal fusion, and ongoing recalibration.

The results also reinforce the value of a hybrid edge-cloud processing design. Tech-
nical experts associated edge resources with low-latency screening, local resilience, and
privacy-preserving processing, whereas cloud resources were linked to longitudinal storage,
model retraining, drift detection, interoperability, and governance-oriented services. This is
consistent with broader [oT healthcare literature supporting edge-cloud complementarities in
time-sensitive and privacy-sensitive environments [219, 164]. However, the present study
extends that literature by mapping these processing responsibilities directly to the needs of
depression monitoring, including alert timing, offline resilience, progressive personalisation,
and governance support. Rather than treating edge—cloud design as generic infrastructure,
the refined architecture links processing allocation to clinical and behavioural characteristics.

Clinical findings further highlighted that practical usefulness depends not only on de-
tecting behavioural change, but also on how alerts are governed. Experts expressed strong
concern about delayed alerts, false positives, and missed critical events, while also empha-
sising the need for clinician accountability, role-aware workflows, and patient involvement
where appropriate. These findings suggest that alert governance should be treated as a
first-class architectural concern. In this study, this led to refinement of the service layer to
include persistence windows, cooldown logic, escalation pathways, clinician review, and
workflow-aware alert handling. This strengthens the architecture by aligning technical moni-
toring outputs with the realities of clinical trust, human oversight, and operational burden. In
other words, the architecture is not only detecting change, but also structuring how potentially
meaningful change should be interpreted, prioritised, and acted upon.

Another important implication of the study is that governance and interoperability re-
quirements should be embedded throughout the architecture rather than added as external
constraints. Across both expert panels, privacy, consent, security, regulatory compliance,
and interoperable data exchange were treated as integral to design. This aligns with growing

calls in digital mental health for responsible, explainable, and governance-aware systems
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[208, 218]. The refined architecture therefore represents these concerns as cross-cutting
requirements affecting sensing, communication, analytics, services, and clinical integration.
This is critical in mental health contexts, where sensitive data and clinical decisions demand
traceability and accountability.

From a design perspective, the study makes three main contributions. First, it translates
expert findings into a refined logical architecture in which analytics and calibration are made
explicit rather than remaining implicit within service or data layers. Second, it proposes a
hybrid edge-cloud processing view that allocates system responsibilities according to latency,
resilience, scalability, and governance requirements. Third, it provides a traceable mapping
from expert-derived requirements to architectural refinements. This traceability is important
because it strengthens the transparency of architectural decision-making and improves the

paper’s value as a reusable design reference for related mental health monitoring systems.

11.6.1 Threats to Validity

This study has several threats to validity that should be considered when interpreting the
findings.

Internal validity: The study relied on expert judgement to evaluate and inform the
proposed architecture. While this approach is appropriate for early-stage architectural
development, it introduces the possibility of subjective bias in responses and interpretation.
In addition, the evaluation was conducted as a single-round expert study rather than a multi-
round Delphi process, meaning that no iterative feedback or convergence of expert opinion
was performed.

External validity: The expert sample was purposively selected and modest in size,
comprising technical and clinical experts with relevant domain knowledge. As a result, the
findings reflect informed professional judgement rather than statistical generalisability to a
broader population of stakeholders or healthcare settings.

Construct validity: The study evaluated architectural requirements, perceived feasibility,
and design appropriateness rather than real-world system performance. Therefore, the
findings should be interpreted as evidence supporting architectural design decisions rather
than validation of clinical effectiveness or predictive performance.

Contextual and ecological validity: Some regulatory and governance insights may be
influenced by the professional and geographic context of the recruited experts. Consequently,
real-world deployment would require adaptation to local legal, organisational, and clinical

requirements, including jurisdiction-specific privacy, consent, and medical device regulations.
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11.7 Conclusions and Future Work

This study presented an expert-informed refinement of [oTMindCare, an loT-based archi-
tecture for depression management, with particular attention to personalisation, safety, and
deployment-oriented design. Using a mixed-method expert evaluation involving both tech-
nical and clinical panels, the study identified key requirements for personalised baseline
formation, hybrid model initialisation, multimodal fusion, context-aware interpretation, alert
governance, hybrid edge-cloud processing, and governance-aware interoperability. These
findings informed two complementary architectural refinements: the introduction of a ded-
icated analytics and calibration layer within the logical architecture, and the definition of
a hybrid edge-cloud processing view that allocates responsibilities according to latency,
resilience, scalability, and governance requirements.

The results show that a clinically relevant IoT architecture for depression management
must go beyond sensor integration and predictive modelling alone. It must also address
how behavioural deviations are calibrated, interpreted, reviewed, escalated, and governed
in practice. In this sense, the contribution of the study lies not in claiming empirical
effectiveness, but in providing a structured and traceable architecture refinement grounded in
multidisciplinary expert judgement. The refined architecture offers a clearer foundation for
future implementation and evaluation by explicitly integrating technical feasibility, clinical
oversight, and governance considerations into the system design.

Overall, the study contributes an architecture-level perspective to the digital mental health
literature and provides a deployment-oriented framework that can support future work on
monitoring, decision support, and responsible [oT-enabled mental health systems.

Several directions emerge from this work as follows:

* Implement the refined architecture as a prototype to evaluate how the proposed logical
and processing views operate under realistic sensing, communication, and alerting
conditions, including latency, resilience, missing-data handling, interoperability, and

workflow integration.

 Evaluate the architecture using longitudinal real-world data to test personalised baseline
formation, hybrid model initialisation, drift detection, and alert-governance mecha-
nisms over time, and to assess whether the calibration-driven design can reduce false

positives while maintaining high sensitivity to clinically meaningful deterioration.

* Extend evaluation beyond expert judgement to include end users, caregivers, and

service providers in order to better understand usability, burden, acceptability, trust, and
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the practical implications of patient-facing event summaries, confirmation workflows,

and clinician escalation pathways.

* Examine implementation across different regulatory and organisational settings, with
attention to jurisdiction-specific privacy, consent, medical device, interoperability, and
data residency requirements, in order to identify which architectural elements are
transferable and which require local adaptation.

* Explore formal validation of traceability between stakeholder requirements and archi-
tectural decisions through methods such as requirement modelling, scenario-based
testing, pilot deployment in clinical or community settings, and comparison with

alternative digital mental health architectures.
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Chapter 12

Discussion

12.1 Introduction

This thesis addresses a central limitation in the current development of loT-based systems
for depression monitoring and management: the field has advanced technically but remains
architecturally fragmented. Existing work shows that IoT devices, mobile applications,
environmental sensors, self-report tools, and machine learning models can each contribute
to emotional well-being and depression-related monitoring. However, the more difficult
question is not whether these technologies can collect data or generate predictions. The
more important question is how such technologies can be integrated into a safe, personalised,
context-aware, and clinically meaningful system.

The central argument is that loT-based depression management cannot be achieved
through isolated sensing, generic prediction, or standalone application functionality. It
requires an integrated architecture that connects continuous sensing, contextual interpretation,
behavioural engagement, personalised analytics, governed escalation, human oversight,
privacy, interoperability, and implementation-oriented design.

The chapter first addresses the research questions and then synthesises the thesis contri-

bution through six thesis-level findings:

1. IoT-based depression systems need to move from monitoring to management.
Detection alone is insufficient because depression support requires not only the iden-
tification of possible changes, but also interpretation, feedback, user engagement,
calibration, and escalation. This matters because a technically accurate signal has

limited value if it is not connected to a meaningful pathway for support or action.

2. TIoT-based depression systems need to move from generic prediction to personali-

sation. Depression-related patterns vary between individuals, so fixed thresholds and
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generic models may misinterpret normal variation as risk, or risk as normal variation.
This matters because safe and meaningful support depends on personalised baselines,

adaptive thresholds, and interpretation in relation to the user’s own context and history.

3. TIoT-based depression systems need multimodal and context-aware interpretation.
No single data source can fully represent depression-related experience or behaviour.
Environmental data, behavioural indicators, self-reports, and sensor-based data each
provide partial evidence. This matters because the meaning of a signal often depends

on its relationship with other signals and the context in which it occurs.

4. IoT-based depression research needs to move from prototype functionality to
architecture-level integration. Individual functions such as sensing, prediction, dash-
boards, or alerts are useful, but they do not by themselves create a safe and coherent
management system. This matters because future systems need an architecture that
defines how components, data flows, stakeholder roles, safety mechanisms, personali-

sation, interoperability, and governance fit together.

5. IoT-based depression systems need governed human-in-the-loop support rather
than fully automated decision-making. Automated systems may assist with monitor-
ing and early warning, but depression management involves ambiguity, risk, personal
context, and clinical judgement. This matters because safety depends on alert gover-
nance, human oversight, user control, caregiver boundaries, privacy, and appropriate

clinical involvement.

6. IoT-based depression systems need to move from technical feasibility to implementation-
oriented design. Demonstrating that data can be collected or analysed is not enough
to support future use. This matters because systems intended for later piloting or evalu-
ation need to consider edge-cloud processing, interoperability, governance, privacy,
regulatory awareness, workflow integration, user acceptance, and clinical involvement

from the design stage.

These findings provide the basis for the later synthesis section, following the discussion
of the research questions. Each is explored through its connection to the corresponding
research question, supported by findings from the thesis chapters, and considered in terms
of its implications for IoT-based depression management as well as directions for further

development and application.
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12.2 Addressing the Research Questions

This section discusses how the thesis addresses the overarching research question and the
four integrated research questions introduced in Chapter 1. The purpose of this section is to
show how the chapters collectively move the field from fragmented loT-based depression
monitoring towards an integrated reference architecture for safe, personalised, context-aware,

and future-adaptable system design.

12.2.1 Overarching Research Question

The overarching research question, introduced in Section 11.2, asked: How can architecture-
level requirements and design principles be derived and organised to address the fragmen-
tation of current loT-enabled depression monitoring and management approaches across
sensing, interpretation, safety, personalisation, contextual awareness, engagement, stake-
holder interaction, interoperability, and governance?

The main finding made in response to this question is that these concerns cannot be
treated as independent design issues. In the current state of the field, loT-based depression
systems often demonstrate technical feasibility through sensing, prediction, dashboards, or
alerts, but these components are not always organised into a coherent system structure. The
problem is not only the absence of particular technologies, but the lack of architecture-level
integration that connects technical functions with safety, personalisation, clinical relevance,
user engagement, and governance.

The thesis moves this state forward by deriving architecture-level requirements from
multiple sources of evidence. Chapter 3 identifies fragmentation in existing IoT-based
depression and emotional well-being systems. Chapters 5 and 7 then explore two design
dimensions that respond to this fragmentation: contextual interpretation and engagement-
oriented behavioural interaction. Chapter 9 integrates these requirements into the initial
loTMindCare reference architecture, while Chapter 11 refines the architecture through
technical and clinical expert perspectives.

What is new is the consolidation of these previously separate concerns into a single
architectural artefact. loTMindCare does not simply propose another IoT application or pre-
diction model. It organises sensing, analytics, feedback, personalisation, safety, stakeholder
interaction, interoperability, and governance into a coherent reference structure. This matters
because loT-based depression management requires more than data collection or prediction;
it requires a system that can interpret data, adapt to users, manage safety, support human

oversight, and remain adaptable for future implementation.
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The resulting state is an expert-informed reference architecture that provides a foundation
for future system development. However, the architecture still needs to be implemented,
piloted, and evaluated in real-world or semi-real-world settings. Future work must test
whether the architectural structure can support safety, usability, personalisation, interpretabil-

ity, clinical workflow integration, and future implementation in practice.

12.2.2 RQ1: Limitations and Design Requirements in Existing IoT-
Based Depression Systems

RQ1 asked: What limitations and design requirements characterise existing loT-based
approaches to depression monitoring and emotional well-being?

In response to RQ1, the thesis argues that the main limitation of the current field is
architectural fragmentation. Existing research shows that [oT-based systems can collect data,
classify signals, and support some forms of emotional well-being monitoring. However,
many systems remain component-focused. They often emphasise specific sensors, data
sources, models, applications, or prediction tasks, while giving less attention to how these
elements should be integrated with personalisation, safety, contextual interpretation, user
engagement, interoperability, and governance.

Chapter 3 provides the primary evidence for this observation by systematically reviewing
existing loT-based approaches and identifying limitations across sensing, analytics, engage-
ment, privacy, security, interoperability, and implementation-related considerations. The later
chapters also confirm the importance of these limitations by addressing design areas that the
review showed were underdeveloped. Chapter 5 responds to the limited role of contextual
interpretation, Chapter 7 responds to the need for engagement and active user input, and
Chapters 9 and 11 respond to the need for architecture-level integration and expert-informed
refinement.

The contribution of RQ1 is not only descriptive. It does not simply list gaps in the
literature. It establishes the design problem that the rest of the thesis addresses. The review
moves the thesis beyond the observation that IoT technologies can be used for depression-
related monitoring and towards the more important question of what requirements are needed
for safe and personalised system design.

This matters because a field can have many technically promising prototypes while still
lacking a coherent pathway towards implementation. By identifying fragmentation as the
central limitation, RQ1 provides the justification for developing loTMindCare. It shows
why the thesis needed to move beyond isolated technical functions and towards a reference

architecture that can organise the field’s requirements.
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What remains after RQ1 is the need to continuously update these requirements as the
field develops. 10T devices, Al methods, digital health regulations, interoperability standards,
and clinical workflows will continue to change. Future work should revisit the design
requirements as new technologies and evidence emerge, especially in relation to explainable
Al, privacy-preserving analytics, regulatory expectations, cultural appropriateness, and real-

world clinical integration.

12.2.3 RQ2: Contextual and Behavioural Data for Personalised and
Meaningful Monitoring

RQ?2 asked: How can the limitations identified in existing loT-based approaches concerning
environmental contextualisation and user engagement be explored to inform the design of
personalised and meaningful depression monitoring and management systems?

In response to RQ2, the thesis argues that loT-based depression monitoring becomes
more meaningful when passive sensing is combined with contextual interpretation and active
user engagement. This position follows from the limitations identified in Chapter 3, where
many existing systems were shown to collect behavioural, physiological, smartphone, or self-
reported data without sufficiently integrating contextual or engagement-oriented mechanisms.
When these data are treated as isolated signals, their interpretation can remain limited.
Depression-related patterns are often ambiguous: a change in activity, sleep, phone use, or
self-report may have different meanings depending on the person, their environment, their
routine, and their current circumstances. Chapters 5 and 7 extend the thesis by showing
how environmental context, gamified interaction, adaptive self-reporting, and behavioural
indicators can support more personalised and interpretable monitoring.

The thesis advances the discussion of contextual and engagement-oriented loT-based
depression monitoring by examining contextual and behavioural dimensions as design re-
quirements rather than as optional additions. Chapter 5 shows how temperature and humidity
measurements can be processed and classified using literature-informed environmental stress-
related labels, thereby motivating their inclusion as contextual variables within loTMindCare.
Chapter 7 extends this by exploring gamified interaction, adaptive self-reporting, and be-
havioural indicators through prototype development and synthetic-data simulation. As both
studies use constructed classification labels derived from their input features, their results
provide design-oriented insights. These chapters together show that IoT-based depression
monitoring should not rely only on passive sensing or generic prediction. It should include
mechanisms that help interpret data in context and involve the user in the monitoring process.
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The contribution of RQ2 lies in positioning contextual data, behavioural interaction,
and engagement within a management architecture. Environmental data are not treated as
independent explanations of mental health status, and game-based behavioural tasks are not
treated as standalone diagnostic tools. Instead, both are understood as partial sources of
evidence that become useful when integrated with other data streams, personal baselines, and
feedback mechanisms.

Meaningful monitoring requires interpretation rather than signal collection alone. Without
context, a system may misread ordinary behavioural variation as risk or fail to recognise a
meaningful change. Without active user interaction with the system, it may lose access to
subjective experience and may not support user reflection or self-management. Through the
exploration of RQ2, the thesis shows why an architecture for depression management should
include both passive and active forms of data collection, and why both should be interpreted
in relation to the individual.

This leaves an important need to evaluate how contextual and behavioural mechanisms
perform with real users over time. Future work should examine whether environmental
data improve interpretation, whether gamified interaction supports sustained engagement,
whether adaptive self-reporting reduces burden, and whether users find the resulting feedback
meaningful and trustworthy. Further work should also investigate how contextual and

behavioural data should be weighted in relation to other data sources.

12.2.4 RQ3: Organisation of IoT Components within an Integrative
Reference Architecture

RQ3 asked: How can the literature-derived requirements and design insights from contextual
sensing and engagement-oriented studies be integrated into a reference architecture that
addresses safety, personalisation, stakeholder interaction, interoperability, and governance
for loT-based depression monitoring and management?

In response to RQ3, the thesis argues that loT-based depression management requires
architecture-level organisation rather than isolated prototype functionality. The current state
of the field demonstrates that many individual functions are technically possible. Sensors
can collect data, algorithms can classify signals, dashboards can present information, and
alerts can be generated. However, these functions do not by themselves define how a safe
and personalised depression management system should operate. The missing contribution
is a coherent architecture that clarifies system layers, component relationships, data flows,
stakeholder roles, and cross-cutting concerns.
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The thesis responds to the need for architecture-level organisation by developing lo7-
MindCare. Chapter 9 integrates requirements derived from the literature review and the
contextual and behavioural studies into a reference architecture. The architecture organises
sensing, communication, data processing, analytics, services, interfaces, personalisation,
safety, and stakeholder interaction. It also makes explicit the cross-cutting concerns essential
to mental health technologies, including privacy, governance, interoperability, and human
oversight.

The architectural contribution of loTMindCare is that it moves beyond identifying in-
dividual technical functions to defining how those functions should be organised within a
safe, personalised, and governed system structure. This is important because depression
management is not only a technical problem. It is also a clinical, personal, ethical, and
organisational problem. The architecture contributes by defining how different parts of
the system should relate to one another and by showing where safety, personalisation, and
governance need to be embedded.

This matters because future loT-based depression systems need a reusable structure
that can guide development across different technologies and care contexts. A reference
architecture provides a foundation that future systems can instantiate, evaluate, and adapt. In
this sense, RQ3 represents the central architectural contribution of the thesis.

What remains is to test the architecture through future implementation research. Fu-
ture work should develop prototypes based on loTMindCare, examine how the layers and
cross-cutting concerns operate in practice, and evaluate whether architecture-level integra-
tion improves safety, usability, interpretability, personalisation, and future implementation

planning compared with component-focused systems.

12.2.5 RQ4: Expert-Informed Refinement of the Architecture

RQ4 asked: How can technical and clinical expert perspectives inform the refinement of
the proposed reference architecture to strengthen its technical and clinical relevance, safety
considerations, and suitability for future implementation and validation?

In response to RQ4, the thesis argues that an architecture for IoT-based depression
management must be refined through multidisciplinary judgement before it can provide a
credible basis for future implementation research. A technically coherent architecture may
still be incomplete if it does not account for clinical relevance, user safety, alert burden,
workflow integration, privacy, and implementation constraints. Therefore, expert-informed
refinement is necessary to strengthen the feasibility, relevance, and evaluability of the

architecture for future empirical work.
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The thesis advances the architecture in Chapter 11, which incorporates technical and
clinical expert perspectives into the refinement process. These perspectives strengthen the ar-
chitecture by clarifying the need for personalised baselines, adaptive calibration, multimodal
fusion, alert governance, human oversight, hybrid edge-cloud processing, privacy, interop-
erability, and future implementation considerations. This refinement builds on the initial
architecture presented in Chapter 9 and transforms it into a more clinically and technically
informed reference structure.

Expert input is incorporated into the architecture refinement process rather than being
treated only as general feedback. The refinement identifies where the initial architecture
lacked sufficient operational detail, particularly regarding calibration, escalation, safety
mechanisms, and edge-cloud distribution. It also reinforces the importance of human-in-
the-loop support, showing that automated outputs must be governed rather than treated as
independent clinical decisions.

The relevance of expert-informed refinement is especially important because IoT-based
depression systems involve safety-sensitive decisions. Frequent false alerts may increase user
burden, reduce trust, and create unnecessary escalation, while missed signs of meaningful de-
terioration may delay support. Clinical experts can identify risks in interpretation, escalation,
and workflow, while technical experts can identify risks in infrastructure, interoperability,
data processing, and scalability. Therefore, RQ4 strengthens the thesis by ensuring that
loTMindCare is not only conceptually integrated, but also more feasible and relevant for
future implementation.

The expert findings revealed variation in perspectives and highlighted unresolved techni-
cal and clinical considerations. These included challenges related to missing-data handling,
edge-cloud processing, personalisation, alert reliability, and clinical oversight. The feedback
highlighted the need to balance competing priorities, particularly reducing false alerts while
minimising missed critical events. These differences informed the architectural refinements
while identifying areas requiring further investigation and evaluation.

The next stage is to move from expert-informed refinement to empirical evaluation.
Future work should evaluate the refined architecture with users, caregivers, clinicians, and
healthcare organisations. This includes testing alert governance, user control, caregiver
boundaries, clinician workload, privacy mechanisms, edge-cloud processing, and interoper-
ability pathways in real or semi-real pilot contexts. Only through such evaluation can the
architecture move beyond expert-informed design towards evidence-based implementation
research.
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12.3 Synthesis of Thesis-Level Findings

This section synthesises the broader thesis-level findings that cut across the publication-based
chapters. These findings interpret the significance and value of the research contributions and
how this research moves the field towards architecture-level integration. The synthesis draws
together the contributions developed across the systematic literature review, the contextual
and behavioural studies, the loTMindCare reference architecture, and its expert-informed
refinement. It is organised around six transitions that show how the thesis moves from
fragmented loT-based monitoring towards a safe, personalised, context-aware, governed, and
implementation-oriented architecture for depression management.

Figure 12.1 summarises these six thesis-level transitions before they are discussed in detail.
The figure shows how the thesis moves from fragmented or limited approaches in the existing

literature towards the architecture-level contribution developed through loTMindCare.
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Automated Decision-Making to
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Automation as output

Y
Y
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!

Integrated outcome: loTMindCare as a safe, personalised, context-aware, governed, and
future-evaluable reference architecture.

Technical feasibility
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Fig. 12.1 The six key transitions offered through loTMindCare.
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12.3.1 From Monitoring to Management

Existing IoT-based depression and emotional well-being research has shown that continuous
or near-continuous monitoring is technically feasible. Smartphones, wearables, environmen-
tal sensors, self-report tools, and machine learning models can collect and analyse patterns
that may be difficult to capture through periodic clinical encounters or retrospective self-
report alone [27]. However, this capability does not automatically amount to depression
management. Monitoring identifies possible changes; management requires those changes to
be interpreted, contextualised, communicated, and acted upon safely.

This distinction is important because depression is not a single event that can be addressed
through a single detection point. It is a fluctuating condition shaped by individual experience,
daily routines, behaviour, sleep, environment, social context, and help-seeking patterns [14].
Therefore, an loT-based system designed to support people with depression needs to operate
over time. It must not only identify patterns but also interpret them in context, adapt to the
individual, support reflection, and determine when information should remain with the user,
when it may be appropriate for a caregiver, and when it may require clinical attention.

Chapter 3 showed that much of the literature remains closer to monitoring than man-
agement, with many systems focusing on data acquisition, classification, or prediction, but
giving less attention to what happens after a signal is detected [20]. Chapter 5 demonstrates
that contextual information can help explain why behavioural or emotional patterns may
occur [24], while Chapter 7 shows that user interaction, adaptive self-reporting, and feed-
back can support engagement and reflection [25]. These elements are then integrated in
loTMindCare in Chapter 9, where sensing, analytics, feedback, personalisation, safety, and
stakeholder interaction are organised as connected parts of a management pathway [26].

The contribution is the repositioning of monitoring within a broader management ar-
chitecture. This moves the thesis beyond the question of whether 10T systems can detect
depression-related signals and towards how such signals can support safe, adaptive, and
meaningful action. The expert-informed architectural refinement in Chapter 11 strengthens
this position by clarifying that management requires calibration, alert governance, escalation
pathways, and oversight. These are not secondary implementation details; they are core
architectural requirements for using monitoring outputs responsibly.

The integration of contextual interpretation, user interaction, architectural organisation,
and expert-informed refinement reframes sensing and prediction as parts of a broader man-
agement pathway rather than as isolated technical outputs. In this pathway, data collection is
connected to interpretation, feedback, personalisation, and governed escalation. A technically

accurate signal has limited value if it is not connected to a meaningful support process.
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The next step is to evaluate this management pathway in practice. Future work should
implement the architecture and examine whether the proposed flow from sensing to inter-
pretation, feedback, and escalation can operate safely and usefully over time. Particular
attention should be given to user responses to feedback, caregiver and clinician interpretation
of system outputs, alert governance, and the balance between continuous monitoring, privacy,

burden, and trust.

12.3.2 From Generic Prediction to Personalisation

Many loT-based depression systems use population-level models, fixed features, or general
prediction approaches. These approaches are useful because they show that mental health-
related signals can be modelled using behavioural, physiological, smartphone, or self-reported
data. However, depression varies substantially between individuals. Symptoms, severity,
triggers, routines, coping strategies, engagement capacity, sleep patterns, social behaviour,
and responses to environmental or behavioural changes are not uniform across individuals.
The same signal may have different meanings for different users.

Individual variation creates a limitation for systems that rely mainly on generic models
or fixed thresholds. Reduced activity, increased phone use, disrupted sleep, or reduced
interaction may indicate deterioration for one user, but normal variation or situational change
for another. If these signals are interpreted without reference to the individual’s own baseline
and context, the system may over-alert some users, under-detect changes in others, or
provide feedback that feels irrelevant. These failures are not only technical; they affect trust,
engagement, safety, and willingness to continue using the system.

The thesis responds to the limitations of generic interpretation by treating personalisation
as an architectural requirement rather than an optional enhancement. Chapter 3 identified
insufficient personalisation as a recurring limitation in the field [20]. The contextual and
behavioural studies in Chapters 5 and 7 then show why universal interpretation is insufficient:
environmental data are meaningful only in relation to the user’s setting, while behavioural
interaction and self-reporting are influenced by motivation, fatigue, cognitive load, preference,
and symptom state [24, 25]. loTMindCare incorporates personalisation as a cross-cutting
concern, and expert-informed refinement makes this more explicit through personalised
baselines, calibration, adaptive thresholds, progressive learning, and model-drift awareness.

The contribution is not simply that the thesis recommends personalised feedback. It
advances a broader view in which personalisation affects sensing, interpretation, analytics,
feedback, alerting, and safety. A personalised architecture can begin with general models

where needed, but it must progressively adapt as user-specific data becomes available. This



12.3 Synthesis of Thesis-Level Findings 167

changes the role of prediction: prediction is no longer a standalone output, but part of an
ongoing calibration process.

The combined contribution creates a new state in which personalisation is understood as
a safety-sensitive architectural function. A system that is not personalised may misinterpret
normal variation as risk, or risk as normal variation. By contrast, a personalised system can
interpret signals in relation to the user’s history, context, and changing patterns. This does
not remove uncertainty, but it creates a more meaningful basis for support.

Future research needs to test how this personalisation process should operate in practice.
This includes determining how long it takes to establish reliable baselines, how adaptive
thresholds should be updated, how to avoid normalising gradual deterioration, and how
personalised models can remain explainable and auditable. Further work is also needed to

balance personalisation with privacy, transparency, and clinical oversight.

12.3.3 From Single-Source Data to Multimodal and Context-Aware
Interpretation

Existing research shows that different data sources can contribute to depression-related
monitoring. Passive sensor data can capture changes in movement, routine, sleep, location,
or device use. Self-report can capture subjective experience. Behavioural tasks can provide
structured indicators of attention, reaction, or cognitive performance. Environmental data
can describe contextual conditions. Each of these sources is useful, but each is also partial.
Depression affects and is affected by multiple dimensions of life, including mood, cognition,
behaviour, activity, sleep, environment, social interaction, and self-perception [234]. No
single data stream can fully represent this complexity.

The limitation of single-source interpretation is ambiguity. Passive sensor data may
show that behaviour has changed, but not why. Self-report may provide direct insight, but
may be affected by low motivation, recall bias, or inconsistent engagement [15]. Game-
based tasks may provide behavioural indicators, but performance may be affected by fatigue,
familiarity, attention, or willingness to participate. Environmental data can provide context,
but cannot independently explain mental health status. Therefore, each modality provides
partial evidence, and the meaning of that evidence depends on how it relates to other signals.

The thesis responds to the ambiguity of single-source interpretation by arguing that
multimodal data require architectural interpretation rather than simple accumulation. Chap-
ter 3 identified fragmentation in sensing approaches and limited integration across data
types [20]. Chapter 5 contributes an environmental interpretive layer, while Chapter 7

combines behavioural interaction, adaptive self-reporting, sensor input, and environmental



12.3 Synthesis of Thesis-Level Findings 168

context [24, 25]. These strands are then brought together in loTMindCare in Chapter 9,
which provides a structure for organising heterogeneous data streams and connecting them to
analytics, feedback, personalisation, and safety mechanisms [26].

The contribution is a shift from collecting more data to interpreting relationships among
data. More data does not automatically produce a better understanding. Without a mecha-
nism to weigh, prioritise, contextualise, and govern different signals, multimodal systems
may become more complex without becoming more clinically meaningful. The expert-
informed architectural refinement in Chapter 11 strengthens this contribution by emphasising
multimodal fusion, calibration, context-aware interpretation, and alert governance.

The combined outcome is a context-aware model of multimodal integration. In this
model, environmental, behavioural, self-reported, and sensor-based data are not treated
as independent inputs that automatically produce insight. They are complementary forms
of partial evidence. Meaning emerges from their relationships with each other, the user’s
baseline, the context in which the data are produced, and the action pathway associated with
the interpretation.

Further work should examine how this multimodal interpretation should be implemented
and evaluated. Future studies need to investigate how data streams should be weighted, how
missing or unreliable data should be handled, how uncertainty should be communicated, and
which combinations of signals are most useful for user reflection, caregiver awareness, or
clinical escalation. Longitudinal evaluation is needed to determine whether context-aware
multimodal interpretation improves trust, usefulness, and decision support compared with

single-source or non-contextual approaches.

12.3.4 From Prototype Functionality to Architecture

The field has demonstrated many useful prototype functions. Sensors can collect data,
applications can gather self-reports, algorithms can classify signals, dashboards can display
outputs, and alerts can be generated [235, 27]. These functions show technical feasibility, but
they do not by themselves solve the system-level problem of safe and personalised depression
management. What is often missing is a clear account of how these functions should fit
together.

This thesis responds by moving from isolated functionality to architecture-level integra-
tion. The systematic review in Chapter 3 established that the field is not lacking technical
possibilities; rather, it lacks sufficient integration across sensing, analytics, feedback, person-
alisation, safety, privacy, stakeholder interaction, interoperability, and governance [20]. The
contextual and behavioural studies in Chapters 5 and 7 then provide design evidence for two
important architectural dimensions: contextual interpretation and user engagement [24, 25].
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These requirements are integrated in Chapter 9 through IoTMindCare, and refined in Chap-
ter 11 through technical and clinical expert perspectives.

The contribution of loTMindCare in Chapter 9 is that it provides a reusable reference
structure rather than another single-purpose prototype. It identifies the major layers required
for IoT-based depression management, including sensing, communication, data processing,
services, interfaces, personalisation, and safety. It also clarifies relationships between
components and makes cross-cutting concerns such as privacy, governance, interoperability,
and stakeholder roles explicit. This is important because safe depression management
depends not only on whether each function works individually, but on whether the functions
operate coherently as a system.

The thesis provides an architecture-level foundation for future loT-based depression
management systems. In this architecture, contextual sensing, behavioural interaction, self-
reporting, analytics, feedback, stakeholder roles, safety mechanisms, and governance are
no longer treated as separate concerns. They are organised into one coherent architectural
artefact. This changes how the thesis contributions fit together: Chapters 3, 5, and 7
provide design dimensions; Chapter 9 integrates them; and the expert-informed refinement
in Chapter 11 strengthens their feasibility and relevance.

This architectural contribution needs evidence of implementation. A reference architec-
ture provides structure, but it does not determine every implementation decision. Future work
should instantiate loTMindCare in prototypes, test different sensor and analytics configura-
tions, evaluate interface designs, and examine how the architecture can be adapted to different
user groups, clinical workflows, and technology environments. Comparative studies could
also examine whether systems based on the architecture better support safety, interpretabil-
ity, usability, and future implementation planning than systems without architecture-level

integration.

12.3.5 From Automated Decision-Making to Governed Human-in-the-
Loop Support

Automated methods are increasingly used in digital mental health and IoT-based monitoring
for pattern recognition, prediction, recommendation, and alert generation. These methods can
support earlier awareness and more continuous monitoring. However, automation becomes
problematic if it is treated as a substitute for interpretation, judgement, or care. Depression
management involves ambiguity, personal context, risk, changing circumstances, and clinical

judgement. Therefore, automated outputs need governance.
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This issue is especially important in mental health because the consequences of system
error are not limited to technical inconvenience. False positives may create anxiety, unneces-
sary escalation, or alert fatigue. False negatives may delay support. Poorly designed feedback
may make users feel blamed, monitored, or misunderstood. Inappropriate data sharing may
damage privacy, autonomy, and trust. For this reason, safety cannot be treated as a minor
technical feature.

The thesis contributes a governed human-in-the-loop model of IoT-based depression
support. Chapter 3 identified safety, privacy, implementation, and governance limitations
in existing systems [20]. loTMindCare in Chapter 9 incorporates safety and stakeholder
interaction as architectural concerns, while the expert-informed refinement operationalises
these concerns through persistence windows, cooldown periods, escalation logic, alert
prioritisation, and clinical review [26]. These mechanisms clarify that automated systems
may assist with monitoring and early warning, but should not independently determine
clinical meaning or replace human judgement.

The governed human-in-the-loop model reframes automation as a form of supported
decision-making rather than as an independent technical capability. The architecture does not
reject automation; it structures its role. The system can identify patterns, support reflection,
and assist in timely response, but escalation must be governed by rules, context, consent,
and human oversight. This also recognises the different roles of users, caregivers, and
clinicians. Users need control and transparency. Caregiver access may be useful, but must be
bounded. Clinicians need interpretable and prioritised information rather than unfiltered data
or excessive alerts.

A safety-oriented and human-centred architecture requires human involvement to be built
into the system rather than added only after automated outputs are generated. In loTMind-
Care, human involvement is supported through stakeholder roles, alert governance, safety
mechanisms, and clinical review pathways. This makes the architecture more appropriate for
mental health, where data are sensitive, and interpretation requires judgement.

Future work should evaluate how this governance model operates in practice. This
includes examining how alerts should be prioritised, how persistence windows and cooldown
mechanisms affect safety and burden, how clinicians and caregivers interpret outputs, and
how users understand and control escalation pathways. Further research should also examine
how human-in-the-loop processes can be integrated into clinical workflows without creating

excessive workload or unclear responsibility.
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12.3.6 From Technical Possibility to Implementation-Oriented Design

IoT-based depression research has demonstrated that many technical components are possible.
Data can be collected from devices, processed using machine learning models, displayed
through dashboards, and used to generate feedback or alerts. However, technical possibility
does not mean that a system is ready for implementation, piloting, or clinical use. Future
implementation would introduce requirements that are often underdeveloped in prototype
studies, including reliability, privacy, user acceptance, clinician workload, interoperability,
regulatory awareness, data governance, device heterogeneity, and long-term maintenance.

The thesis responds to the gap between technical feasibility and future implementation
needs by incorporating implementation-oriented considerations into the architecture. Chap-
ter 3 identified implementation-related limitations, interoperability, privacy, and governance
as recurring issues in existing work [20]. These concerns are organised within the initial
IoTMindCare architecture in Chapter 9 and strengthened through expert-informed refinement
in Chapter 11, particularly in relation to hybrid edge-cloud processing, alert governance,
clinical oversight, privacy, interoperability, and implementation-oriented design. Chapters 5
and 7 also contribute by showing that future systems must account for real user contexts,
engagement patterns, and the interpretive limits of data [24, 25].

The implementation-oriented contribution of the thesis is the movement from asking
whether IoT-based depression support can be technically built to identifying the architectural
conditions that should be considered before such systems are responsibly implemented or
evaluated. The edge-cloud processing view illustrates the importance of these architectural
conditions. A cloud-based system may support scalable analytics and longitudinal learning
but may also raise concerns about latency, connectivity, privacy, and resilience. An edge-
based system may support local responsiveness and reduce data transfer, but may limit
long-term learning, model retraining, and integration with broader services. The refined
architecture in Chapter 11 supports a hybrid design view in which local processing may
be used for time-sensitive and privacy-sensitive functions, while cloud infrastructure may
support longitudinal analytics, model updating, storage, and interoperability.

The thesis identifies implementation-related requirements that should be addressed before
future piloting, evaluation, or possible clinical integration can be considered. In this archi-
tecture, privacy, governance, interoperability, clinical workflow, edge-cloud processing, and
user acceptance are treated as design concerns rather than later-stage additions. This matters
because systems that ignore these concerns during design may become difficult, unsafe, or
unacceptable to implement later.

Future work should instantiate and evaluate loTMindCare through staged prototype
development and piloting. This should include technical testing of edge-cloud allocation,



12.4 Overall Contribution of the Thesis 172

evaluation of interoperability pathways, privacy and consent mechanisms, clinical workflow
considerations, user acceptance, caregiver role boundaries, and long-term system mainte-
nance. Further work should also consider regulatory classification, cultural appropriateness,
equity, and organisational adoption.

12.4 Overall Contribution of the Thesis

The overall contribution of this thesis is the development and expert-informed refinement
of loTMindCare, an integrative reference architecture for safe and personalised loT-based
depression monitoring and management. The significance of this contribution lies in its
synthesis. The thesis does not simply add another sensing model, mobile application, or ma-
chine learning experiment to the literature. Instead, it addresses the more fundamental issue
of how sensing, interpretation, personalisation, engagement, safety, stakeholder interaction,
interoperability, and governance can be organised into a coherent system.

The thesis contribution is supported by architectural modelling, ATAM-informed analysis,
experimental and simulation-based studies, and expert-informed refinement. Together, these
provide evidence for the proposed design, its technical considerations, and clinical relevance,
while establishing a foundation for further evaluation of operational performance and clinical
outcomes.

Many of the challenges in IoT-based depression management are interdependent. Tech-
nical feasibility, clinical relevance, personalisation, safety, and future implementation con-
siderations cannot be treated as separate concerns. Decisions made in one area affect the
others. For example, personalisation affects alert reliability; alert reliability affects clinical
trust; privacy affects user engagement; and interoperability affects whether system outputs
can be integrated into care. The contribution of loTMindCare is that it provides a structure
for considering these dependencies together.

At the conceptual level, the thesis reframes loT-based depression support as a socio-
technical management problem. This reframing recognises that depression management
involves more than data collection and prediction. It also requires interpretation, personalisa-
tion, user engagement, safety, human oversight, privacy, governance, and clinical relevance.

At the architectural level, the thesis contributes loTMindCare as a reusable reference
structure that can guide future system development. The architecture identifies the core
layers and cross-cutting concerns needed for safe and personalised loT-based depression
management, while remaining adaptable to different technologies, populations, and care

contexts.
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At the methodological level, the thesis demonstrates a design-oriented pathway from
problem identification to architecture development and expert-informed refinement. The
contribution of this thesis lies in the cumulative argument formed across the research process:
identifying fragmentation in existing IoT-based depression systems, exploring contextual
and behavioural design requirements, developing the initial loTMindCare reference architec-
ture, and refining it through technical and clinical expert perspectives. This progression is
developed from the systematic review in Chapter 3, through the contextual and behavioural
studies in Chapters 5 and 7, to the architecture development and expert-informed refinement
in Chapters 9 and 11.

At the practical level, the thesis identifies design requirements for future systems, includ-
ing multimodal sensing, contextual interpretation, personalised calibration, adaptive engage-
ment, alert governance, hybrid edge-cloud processing, privacy protection, interoperability,
and clinical oversight. These requirements provide a foundation for future implementation
research, piloting, and empirical evaluation.

Taken together, the conceptual, architectural, methodological, and practical contributions
show the integrative nature of the thesis. loTMindCare brings together technical, clinical,
behavioural, contextual, and governance considerations within one architectural framework.
The significance of this contribution is that it provides a structured way to move loT-based
depression research beyond isolated prototypes and prediction models towards safer, per-
sonalised, context-aware, and future-evaluable systems. This matters because loT-based
depression systems may be technically feasible but still unsafe, intrusive, difficult to trust, or
difficult to implement if personalisation, safety, stakeholder roles, privacy, interoperability,
and governance are not considered together. The thesis provides an architecture-level founda-
tion for responsible future implementation, while remaining appropriately bounded because
it does not claim clinical effectiveness or deployment validation.

12.5 Limitations and Threats to Validity

The individual publication-based chapters have already discussed limitations specific to each
study. Therefore, this section focuses on limitations that apply across the thesis as a whole.
To structure this discussion, an adapted threats-to-validity framework is used, drawing on
validity categories commonly used in empirical software engineering: construct validity,
internal validity, external validity, conclusion validity, and reliability [236]. The framework
is adapted because this thesis is not a single controlled experiment, but a thesis by publication
that combines systematic review, design-oriented studies, reference architecture development,

and expert-informed refinement.
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Table 12.1 summarises the main thesis-level threats to validity and identifies the chapters
most relevant to each category. The table provides an overview; the following subsections
explain how these threats bound the contribution of the thesis.

Table 12.1 Summary of thesis-level threats to validity.

Validity category Main threat in this thesis Relevant chapters
Construct validity The key constructs, including safety, personalisa- Chapters 3—11
tion, context-awareness, and future-adaptability, are
broad and multidimensional. The thesis examines
these constructs at the architecture level rather than
through full clinical deployment.
Internal validity The thesis supports architecture-level findings, but Chapters 9 and 11
does not provide causal evidence that loTMindCare
improves depression outcomes, diagnostic accuracy,
safety, or clinical effectiveness in practice.
External validity / IoTMindCare is designed to be adaptable, but its Chapters 9 and 11
transferability transfer to different users, healthcare systems, tech-
nologies, cultural settings, and clinical workflows
has not yet been tested.

Conclusion validity There is a risk of overclaiming because the the- Chapters 3—11
sis includes multiple published studies and expert-
informed refinement, but not full deployment or clin-
ical validation.
Reliability / depend- Architecture development involves interpretive and  Chapters 3—11
ability design-oriented judgement, particularly in organis-
ing layers, components, stakeholder roles, and cross-
cutting concerns.

12.5.1 Construct Validity

Construct validity concerns whether the thesis has adequately captured the concepts it claims
to address. In this thesis, the key constructs include safe, personalised, context-aware, and
future-adaptable loT-based depression monitoring and management. These constructs are
broad and include clinical, technical, ethical, behavioural, and organisational dimensions.
The thesis addresses this challenge through its cumulative structure. Chapter 3 identi-
fies the range of limitations and design requirements in existing loT-based depression and
emotional well-being systems. Chapters 5 and 7 examine selected dimensions of contextual
interpretation and engagement. Chapter 9 integrates these dimensions into the initial /o7~
MindCare architecture, and Chapter 11 refines the architecture through technical and clinical

expert perspectives.
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However, the thesis examines these constructs at the architecture level rather than through
clinical deployment or outcome evaluation. For example, it explains how safety and person-
alisation should be organised within loTMindCare, but it does not demonstrate that these
mechanisms improve clinical outcomes in practice. Similarly, environmental variables such
as temperature and humidity support contextual interpretation, but they do not represent
the full social, cultural, interpersonal, or clinical context of depression management. The
architecture should be interpreted as a structured foundation for future development, not as a
complete representation of all factors involved in depression care.

12.5.2 Internal Validity

Internal validity concerns the strength of the relationship between the evidence developed
in the thesis and the findings from that evidence. The central finding of the thesis is that
fragmented IoT-based depression monitoring and management research can be consolidated
into an integrative reference architecture. The evidence developed across the thesis supports
this architecture-level finding.

The main limitation is that the thesis does not provide causal evidence that loTMindCare
improves depression management, reduces symptoms, improves safety, or enhances clinical
outcomes. The findings support claims about architectural organisation, design requirements,
expert-informed refinement, and future implementation considerations. They do not support
claims of clinical effectiveness or diagnostic validity.

The evidence developed in the thesis supports architecture-level claims rather than causal
or clinical-effectiveness claims. Therefore, loTMindCare is positioned as a reference archi-
tecture rather than as a completed clinical intervention. The expert-informed refinement
in Chapter 11 strengthens the feasibility and relevance of the architecture, but it does not
replace empirical testing with users, caregivers, clinicians, and healthcare organisations.
Further implementation and evaluation are required before stronger claims can be made about
real-world impact. As the architectural evaluation draws on predefined requirements and sce-
narios, independent evaluation would provide additional evidence beyond the demonstrated

alignment between design decisions and quality attributes.

12.5.3 External Validity and Transferability

External validity concerns the extent to which the thesis findings can be transferred to other
settings, populations, technologies, or healthcare contexts. loTMindCare is intentionally
designed as a reference architecture, which supports adaptability across different sensors,

platforms, analytics methods, user groups, and care models.
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The adaptability of loTMindCare does not imply direct transferability without modifi-
cation. Different contexts may require different sensor configurations, escalation pathways,
privacy settings, governance arrangements, cultural considerations, and clinical workflows.
For example, a system designed for independent adults living at home may require dif-
ferent caregiver involvement and safety mechanisms from a system designed for students,
older adults, or people receiving formal clinical care. Healthcare systems may also dif-
fer in interoperability standards, regulatory requirements, workload pressures, and digital
infrastructure.

The thesis supports transferability at the architectural level, but not universal applicability
at the implementation level. Future work must instantiate and evaluate loTMindCare in
specific contexts to determine how the architecture should be adapted and whether its

components operate effectively in practice.

12.5.4 Conclusion Validity

Conclusion validity concerns whether the conclusions drawn from the thesis are proportionate
to the evidence. The main risk is overclaiming. Because the thesis includes multiple published
studies and expert-informed refinement, it could be tempting to present loTMindCare as
deployment-ready or clinically proven. This thesis avoids that claim.

The conclusion is deliberately bounded: loTMindCare provides a coherent and expert-
informed reference architecture for organising IoT-based depression monitoring and manage-
ment requirements. It does not provide evidence that the architecture improves depression
outcomes, achieves diagnostic validity, or is ready for direct clinical deployment.

The bounded scope of the conclusion is important because the field is also rapidly
evolving. Developments in [oT, Al, interoperability standards, privacy-preserving analytics,
regulation, and digital mental health practice may introduce new requirements. The con-
clusions should be interpreted as an architecture-level contribution at this stage of the field,
while recognising that future updates and empirical validation will be necessary.

12.5.5 Reliability and Dependability

Reliability concerns whether the research process is transparent and dependable. In this
thesis, dependability is supported by the publication-based structure, the systematic review,
the explicit links between chapters, and the expert-informed refinement of the architecture.
The reliability of the research process must also be considered in relation to the inter-
pretive and design-oriented nature of architecture development. Decisions about layers,

components, stakeholder roles, safety mechanisms, and cross-cutting concerns are based on
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synthesis rather than mechanical derivation. This introduces a degree of researcher interpre-
tation. The thesis addresses this by making the research pathway explicit: fragmentation
is identified through the review, contextual and behavioural dimensions are explored in
the design-oriented chapters, the architecture is developed from these requirements, and
expert-informed refinement is used to strengthen the design.

Future implementation across multiple contexts would further test the dependability of the
architecture. Such work would show whether the architectural structure remains stable across
different settings or whether additional components, layers, or governance mechanisms are

required.

12.6 Future Work

This thesis establishes loTMindCare as an architecture-level foundation for safe and per-
sonalised IoT-based depression monitoring and management. The next stage of research is
to examine how this foundation can be instantiated, tested, adapted, and evaluated in prac-
tice. Future work should move progressively from technical implementation to stakeholder
evaluation, longitudinal piloting, and clinical and organisational validation.

12.6.1 Prototype Implementation of loTMindCare

A future direction is to implement loTMindCare as a modular prototype. The architecture
developed in Chapter 9 and refined in Chapter 11 defines the main layers, components, and
cross-cutting concerns required for safe and personalised loT-based depression management.
However, implementation is needed to examine how these components operate together in
practice.

A future project could develop a working prototype that includes sensing, data ingestion,
preprocessing, analytics, feedback, personalisation, alert governance, and stakeholder inter-
faces. The prototype should be modular so that different sensors, machine learning models,
feedback mechanisms, and interface designs can be substituted and evaluated. This would
allow IoTMindCare to be tested as a flexible reference architecture rather than as a single
fixed application.

This work would address several practical questions:

* How should passive sensing, environmental data, behavioural interaction, and self-

report be integrated?

* How should responsibilities be distributed between edge and cloud components?
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* How should personalised baselines and adaptive thresholds be represented technically?
* How should outputs be communicated differently to users, caregivers, and clinicians?

Addressing these questions would move loTMindCare from architectural design towards
technical feasibility.

12.6.2 Simulation-Based Evaluation of Safety and Alert Governance

Future work should also evaluate safety-related mechanisms through simulation before
any real-world piloting or user-facing evaluation. The thesis has argued that depression
management requires more than detection; it requires calibration, escalation logic, alert
governance, and human oversight. These mechanisms should be tested under controlled
conditions before being used with real users.

A future project could develop simulation scenarios representing different user profiles,
behavioural routines, environmental conditions, self-report patterns, and risk trajectories.
These scenarios could be used to test how the system responds to stable patterns, gradual de-
terioration, sudden changes, missing data, conflicting signals, false positives, false negatives,
sensor failure, and connectivity loss. This would extend the safety and personalisation work
developed in Chapters 9 and 11.

This simulation would help refine key design decisions. For example:

* How long should a concerning pattern persist before escalation occurs?
* How should the system respond when passive sensing and self-report conflict?

* How can cooldown periods reduce alert fatigue without suppressing meaningful deteri-
oration?

* How should the system behave when cloud connectivity is unavailable?

Simulation would allow these questions to be examined before exposing users to higher-
risk deployment conditions.

12.6.3 User-Centred Evaluation with Key Stakeholders

Another future direction is to evaluate the system with the stakeholders who would be affected
by it. Chapter 7 highlighted the importance of engagement, adaptive self-reporting, and
feedback, while Chapter 11 highlighted clinical relevance, safety, and stakeholder interaction.



12.6 Future Work 179

Future work should examine how users, clinicians, caregivers, and technical stakeholders
understand and experience the system.

A future project could involve people with lived experience of depression, clinicians,
and caregivers in participatory design, usability testing, and acceptability evaluation. The
study could examine whether the system is understandable, trustworthy, manageable, and
acceptable. Particular attention should be given to feedback design, privacy preferences, user
burden, consent, caregiver access, alert interpretation, and clinician workflow.

This work is necessary because a technically coherent architecture may still fail if users
experience it as intrusive, burdensome, or unclear. Similarly, clinicians may reject a system if
it generates excessive alerts or provides outputs that do not fit clinical workflows. Caregiver
involvement may be useful, but it must be carefully bound by consent, user autonomy, and
safety. This future work would strengthen the human-centred and ethical foundations of
loTMindCare.

12.6.4 Longitudinal Pilot Evaluation

A future direction is longitudinal pilot evaluation in real-world or semi-real-world settings.
Depression-related monitoring depends on patterns over time, and many of the key archi-
tectural features of IoTMindCare, including personalised baselines, adaptive thresholds,
contextual interpretation, engagement, and alert governance, can only be properly examined
longitudinally.

A future pilot study could evaluate whether loTMindCare can collect reliable multimodal
data over several weeks or months, support personalised baselines, generate meaningful
feedback, and manage alerts safely. The study should examine data quality, missing data,
engagement over time, user burden, technical reliability, privacy concerns, and the usefulness
of feedback. It should also examine whether contextual and behavioural data improve
interpretation compared with single-source or non-contextual monitoring.

This work would extend the environmental and behavioural studies in Chapters 5 and
7. Those chapters demonstrated the potential value of contextual sensing and engagement-
oriented design. A longitudinal pilot would test whether these design dimensions remain
useful in everyday use and whether they can be integrated into a safe and acceptable monitor-
ing pathway.

At this stage, the focus should remain on feasibility, safety, and acceptability rather
than definitive clinical effectiveness. The expected contribution would be early feasibility
evidence showing whether the architecture can operate reliably and meaningfully over time

in a pilot context.
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12.6.5 Clinical and Organisational Validation

If feasibility, safety, and acceptability are established, future work should examine whether
lIoTMindCare-based systems can support clinically meaningful outcomes and fit within real
care pathways. This would represent a later stage of research, after technical implementation,
simulation, stakeholder evaluation, and pilot testing.

A future study could examine whether the system supports earlier identification of
deterioration, improved self-management, better communication between users and care
providers, improved continuity of care, or more timely escalation. Such work would require
appropriate ethical approval, clinical governance, risk management, and carefully selected
outcome measures. It may also require comparison with existing digital monitoring or care
approaches.

Clinical validation should be accompanied by organisational evaluation. A system
may be clinically promising but still difficult to adopt if it increases clinician workload,
produces unclear responsibilities, lacks interoperability, or creates governance concerns.
Future research should examine alert management, workflow integration, interoperability
with health information systems, regulatory classification, data governance, service models,

and long-term maintenance.

12.6.6 Cross-Cutting Future Research Directions

Several cross-cutting research directions should be pursued alongside the staged implementa-

tion pathway:

1. Privacy-preserving analytics should be investigated because loTMindCare may involve
sensitive behavioural, environmental, and self-reported data. Future work could ex-
amine edge-based processing, data minimisation, federated learning, consent-aware

sharing, and secure audit mechanisms.

2. Explainable Al should be explored so that users, caregivers, and clinicians can under-
stand why feedback or alerts are generated. Explainability is particularly important
in mental health because unclear outputs may reduce trust, increase anxiety, or limit

clinical usefulness.

3. Interoperability requires further development. Future work should examine how
loTMindCare outputs can be integrated with clinical dashboards, electronic health
records, digital mental health platforms, or other health information systems without

overwhelming clinicians or compromising privacy.
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4. Cultural and equity considerations should be examined more deeply. Depression
management, help-seeking, family involvement, privacy expectations, and technology
use may vary across cultural and social groups. Future research should investigate how
loTMindCare can be adapted in culturally safe and equitable ways.

5. Long-term governance models need further investigation. Future work should clarify
who is responsible for monitoring alerts, updating models, managing thresholds, main-
taining devices, auditing system outputs, responding to risk, and managing consent over
time. These governance questions are essential if loT-based depression management is

to move from research design towards responsible practice.

12.7 Chapter Conclusion

This chapter has discussed the thesis as an integrated body of work. The chapter first
addressed the research questions and then synthesised six thesis-level findings that explain
the broader significance of the contribution:

* From monitoring to management.

* From generic prediction to personalisation.

* From single-source data to multimodal and context-aware interpretation.

* From prototype functionality to architecture.

* From automated decision-making to governed human-in-the-loop support.
* From technical possibility to implementation-oriented design.

These findings show that the contribution of the thesis is not limited to the individual
publications. The main contribution is the development and expert-informed refinement of
loTMindCare as an integrative reference architecture. The architecture addresses fragmen-
tation in the field by connecting sensing, environmental context, behavioural engagement,
self-reporting, analytics, personalisation, feedback, safety, human oversight, privacy, interop-
erability, and future implementation considerations within one coherent framework.

The thesis contributes to [0T, digital mental health, and system architecture research
by showing how safe and personalised depression management can be approached as an
integrated socio-technical design problem. loTMindCare should not be interpreted as a

finished clinical intervention or a replacement for clinical care. Rather, it provides a structured
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and expert-informed foundation for future implementation, piloting, and evaluation of IoT-
based depression management systems. The significance of this contribution is that it
provides a bridge between technical feasibility and responsible future implementation by
showing how IoT-based depression systems can be designed with integration, personalisation,

safety, governance, and human oversight in mind from the outset.



Chapter 13

Conclusion

13.1 Introduction

This thesis addressed the architectural fragmentation of current loT-based approaches to
depression monitoring and management. Existing research has shown that IoT devices,
mobile applications, environmental sensors, self-report tools, machine learning models,
dashboards, and alerts can each contribute to depression-related monitoring. However, these
components are often developed as isolated technical functions. The central concern of this
thesis was not simply whether IoT technologies can collect data or generate predictions,
but how these technologies can be organised into a safe, personalised, context-aware, and
clinically meaningful system.

This research responded to this problem by developing and refining loTMindCare, an
expert-informed reference architecture for [oT-based depression monitoring and management.
The contribution of the thesis is architecture-level rather than intervention-level. The architec-
ture provides a structured foundation for organising the sensing, interpretation, engagement,
personalisation, safety, stakeholder interaction, interoperability, and governance requirements

that future IoT-based depression systems need to address.

13.2 Summary of the Thesis

The thesis developed its contribution progressively. The systematic literature review in
Chapter 3 first established that IoT-based depression and emotional well-being research has
made technical progress but remains fragmented. Existing studies demonstrate the potential

of sensors, applications, algorithms, and monitoring tools, but they often give limited attention
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to how these components should work together within a broader management system. This
finding established the need for an architecture-level response.

After identifying the fragmentation, this research examined two important design dimen-
sions that informed the development of the architecture: environmental contextualisation
and behavioural engagement. The environmental study in Chapter 5 showed that contextual
data can support more meaningful interpretation of behavioural and emotional patterns.
Environmental information does not independently explain mental health status, but it can
help clarify the conditions in which changes occur. The behavioural and gamified study in
Chapter 7 extended the thesis beyond passive sensing by showing the importance of user
interaction, adaptive self-reporting, and engagement-oriented design. Together, these studies
showed that loT-based depression management requires both contextual interpretation and
active user participation.

The contextual and behavioural design requirements identified through Chapters 5 and
7 were then integrated into the initial JoTMindCare reference architecture, presented in
Chapter 9. The architecture organised the main layers and cross-cutting concerns needed
for IoT-based depression management, including sensing, communication, data processing,
analytics, services, interfaces, personalisation, safety, stakeholder interaction, interoperability,
and governance. The central architectural contribution of the thesis is the movement from
isolated technical components towards a coherent system-level structure.

The final architectural refinement stage in Chapter 11 strengthened the architecture
through expert-informed evaluation. Technical and clinical expert perspectives highlighted
the importance of personalised baselines, adaptive calibration, multimodal fusion, alert
governance, human oversight, privacy, hybrid edge-cloud processing, interoperability, and
future implementation planning. This refinement helped ensure that loTMindCare was
not only technically structured, but also more relevant to the practical and safety-sensitive
realities of future IoT-based mental health systems.

13.3 Overall Contribution

The main contribution of this thesis is the development and expert-informed refinement of
loTMindCare as an integrative reference architecture for safe and personalised loT-based
depression monitoring and management. The architecture addresses a key gap in the field
by showing how fragmented components can be organised into a coherent system-level
approach.

The value of an integrative reference architecture is that IoT-based depression manage-

ment cannot be achieved through sensing, prediction, or automation alone. Depression-related
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data require context, interpretation, personalisation, safety mechanisms, human oversight, and
responsible governance. loTMindCare provides a foundation for bringing these requirements
together within a single architecture.

The architecture-level contribution of loTMindCare also reframes IoT-based depression
management as a design problem that extends beyond technical functionality. The thesis
shows that future system development needs to consider technical design alongside clinical
relevance, user engagement, privacy, interoperability, stakeholder roles, and governance. In
this sense, loTMindCare provides a structured pathway from isolated technical prototypes

towards more integrated and responsibly designed future systems.

13.4 Final Concluding Remarks

This thesis has shown that the future development of loT-based depression systems requires
more than improved sensing, more data, or more accurate prediction models. It requires an
architecture capable of connecting data collection with contextual interpretation, behavioural
engagement, personalised analytics, governed escalation, human oversight, and responsible
system design.

loTMindCare provides an architecture-level foundation for connecting data collection,
contextual interpretation, behavioural engagement, personalised analytics, governed escala-
tion, human oversight, and responsible system design. It integrates technical, behavioural,
contextual, safety, and governance considerations that can inform the future development of
safer, more personalised loT-based depression monitoring and management systems. Further
implementation, piloting, and validation are still required, but the thesis establishes a clear
architecture-level contribution to IoT, digital mental health, and system architecture research.

In conclusion, this thesis contributes a structured and expert-informed foundation for
moving loT-based depression research beyond fragmented monitoring tools and isolated
prediction models. It supports a pathway towards future loT-based mental health systems
that can be designed with stronger attention to personalisation, contextual awareness, safety,

human oversight, and careful evaluation.
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Questionnaires

Section 1: Questionnaire for Technical Experts

Scenario

Imagine you are tasked with designing and implementing an IoT-based intelligent system for
personalised depression management. The system will operate in a smart-home environment for
patients diagnosed with depression, aiming to continuously monitor risk factors and provide timely
interventions while ensuring safety, personalisation, and reliability.

The proposed architecture integrates:

Sensor layer: Non-invasive sensors (wearables, smart devices, and environmental sensors) to
capture physiological (such as heart rate and sleep patterns), behavioural (such as activity levels
and social interactions), and environmental data (such as light exposure and temperature).
Edge computing: A gateway-based preprocessing for real-time analysis and reduced latency for
critical alerts.

Cloud infrastructure: Centralised processing for advanced analytics, machine learning model
training, long-term data storage, and system health monitoring.

User and clinician interface: Mobile app and dashboard for patients and healthcare
professionals to receive alerts, summaries, and recommendations.

Safety and personalisation features: Ensuring that every anomalies in patient behaviour will be
detected, and personalised actions will be taken.

Your role is to evaluate the technical feasibility, reliability, safety and personalisation of this
architecture, considering factors such as:

Sensor integration and missing data handling.

Edge vs. cloud trade-offs for latency and resource efficiency.
Al-driven anomaly detection accuracy and personalisation strategies.
Robustness of feedback loops and bi-directional communication.

The goal is to identify risks, bottlenecks, and optimisations that can make the system both technically
sound and deployable in real-world settings.
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A. Sensors and Data Collection

1. How appropriate do you consider the inclusion of three sensor categories (physiological,
behavioural, and environmental) inside/outside smart homes for monitoring patients’

behaviour?

a. Extremely Appropriate
b. Very Appropriate

c. Moderately Appropriate
d. Neutral

e. Somehow Appropriate
f. Slightly Appropriate

g. Not Appropriate at All

Please provide any additional feedback on your choice:

B. System Initialisation

2. Rank replacement methods if real sensor data is unavailable
- Data imputation techniques

- Context-aware alternatives (daily questionnaires)

- Predictive modelling

- Rule-based input (clinician-provided)

3. How effective do you think replacement methods (imputation, questionnaires, predictive
models) are for filling missing data gaps?

Extremely Effective

Very Effective

Moderately Effective

Neutral

Somehow Effective

Slightly Effective

Not Effective at All

©wme e o

Please provide any additional feedback on your choice:

4. List key parameters to calibrate during system setup to reduce false positives.

5. Which approach is more appropriate for model initialisation?
a. user-specific model initialisation (personalised models)
b. generic pre-trained models

Please provide any additional feedback on your choice:
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C. Edge-Cloud Data Processing

6. Edge-based analysis reduces network load and accelerates emergency alerts.

10.

a.

®mo Ao o

Strongly Agree
Agree

Somehow Agree
Neutral

Somehow Disagree
Disagree

Strongly Disagree

Please provide any additional feedback on your choice:

Periodic cloud retraining adapts to individual behaviour and reduces false alarms.

wme e o

Strongly Agree
Agree

Somehow Agree
Neutral

Somehow Disagree
Disagree

Strongly Disagree

Please provide any additional feedback on your choice:

Edge processing (feature extraction/classification) is feasible on current IoT gateways.

e e o

Strongly Agree
Agree

Somehow Agree
Neutral

Somehow Disagree
Disagree

Strongly Disagree

Please provide any additional feedback on your choice:

Discuss trade-offs between edge real-time processing and cloud post-processing.

Are you aware of specific cloud services or platforms (such as Azure, AWS, Google Cloud)
that could support the design, deployment, or operation of the proposed loT-based
depression management system?

a.
b.

Yes — Please specify:
No
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11. Please indicate which cloud services or features you consider most relevant or beneficial
for this system (select all that apply):
a. IoT device management (such as Azure IoT Hub, AWS IoT Core)
b. Real-time data processing and analytics (such as AWS Lambda, Azure Stream
Analytics)
c. Machine learning model training and deployment (such as Azure ML, Amazon
SageMaker)
Data storage and database services (such as AWS S3, Azure Cosmos DB)
Security and identity management (such as AWS IAM, Azure Active Directory)
Cloud edge computing integration (such as AWS Greengrass, Azure [oT Edge)
Other (please specify):

© ™o o

D. Monitoring Mechanism

12. What is the optimal frequency for system health checks (battery/connectivity)?

a. Daily

b. Every Other Day
c. Twice a week

d. Weekly

e. Fortnightly

f.  Monthly

g. Never

E. Anomaly Detection

13. Which machine learning techniques do you consider best for detecting behavioural
anomalies?

14. Edge-based anomaly detection reduces latency.
Strongly Agree

Agree

Somehow Agree

Neutral

Somehow Disagree

Disagree

Strongly Disagree

e e o

Please provide any additional feedback on your choice:

15. Post-processing (e.g., filtering) minimises false alarms.
Strongly Agree

Agree

Somehow Agree

Neutral

Somehow Disagree

Disagree

Strongly Disagree

e e o

Please provide any additional feedback on your choice:
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F. Feedback Process

16. User feedback improves long-term detection accuracy.
a. Strongly Agree

b. Agree

c. Somehow Agree

d. Neutral

e. Somehow Disagree
f. Disagree

g. Strongly Disagree

Please provide any additional feedback on your choice:

17. Automatic logging/cloud syncing of emergencies is crucial for audit and retraining.
Strongly Agree

Agree

Somehow Agree

Neutral

Somehow Disagree

Disagree

Strongly Disagree
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Please provide any additional feedback on your choice:

18. Bidirectional communication (clinician updates to devices) is necessary.
Strongly Agree

Agree

Somehow Agree

Neutral

Somehow Disagree

Disagree

Strongly Disagree

e e o

Please provide any additional feedback on your choice:

G. Technical Practice Context and Perceptions

19. My current work in IoT/smart-home or health informatics involves significant technical
challenges in designing or implementing reliable healthcare monitoring systems.

Strongly Agree

Agree

Somehow Agree

Neutral

Somehow Disagree

Disagree

Strongly Disagree

e e o

Please provide any additional feedback on your choice:
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20.

21.

22.

23.

I actively track specific performance metrics or “red flags” (such as latency spikes, packet
loss, battery depletion) that can impact the reliability of IoT healthcare systems.

Strongly Agree

Agree

Somehow Agree

Neutral

Somehow Disagree

Disagree

Strongly Disagree

wme e o

Please provide any additional feedback on your choice:

I am highly confident in using and integrating advanced IoT, Al, and cloud-edge
technologies in healthcare system development.

Strongly Agree

Agree

Somehow Agree

Neutral

Somehow Disagree

Disagree

Strongly Disagree

e e o

Please provide any additional feedback on your choice:

IoT-based smart-home systems have strong potential to enhance depression monitoring and
intervention compared to conventional healthcare solutions.

Strongly Agree

Agree

Somehow Agree

Neutral

Somehow Disagree

Disagree

Strongly Disagree
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Please provide any additional feedback on your choice:

Lack of adequate data quality, interoperability standards, or security measures is a major
challenge in IoT-based healthcare system development.

Strongly Agree

Agree

Somehow Agree

Neutral

Somehow Disagree

Disagree

Strongly Disagree

@ me a0 o

Please provide any additional feedback on your choice:
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24. There are unmet technical requirements in current healthcare systems that could be
addressed by more advanced IoT-enabled monitoring and intervention platforms.

Strongly Agree

Agree

Somehow Agree

Neutral

Somehow Disagree

Disagree

Strongly Disagree

wme e o

Please provide any additional feedback on your choice:

25. The proposed IoT-based depression management system is technically feasible and could
operate effectively in real-world settings.

Strongly Agree

Agree

Somehow Agree

Neutral

Somehow Disagree

Disagree

Strongly Disagree

e e o

Please provide any additional feedback on your choice:

26. Are you aware of any existing IoT-based or digital monitoring systems designed for
depression or mental health management?
a. Yes — Please specify:
b. No

H. Legal and Regulatory Considerations

27. Are there particular regulations or standards that must be followed when designing IoT-
based healthcare monitoring systems?
(Please consider areas such as data privacy, interoperability standards, and medical
certifications)

28. What legal or compliance challenges do you foresee in implementing such systems? (such
as data security, device certification, interoperability, patient consent and data ownership)?

29. How should regulatory frameworks adapt depending on whether the system is used
primarily as:
a. A patient self-management tool?
b. A clinician-facing decision support system?

(Please consider differences in requirements for approval, data governance, liability, and
clinical oversight.)
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30. From your technical expertise, please suggest any additional questions or areas of inquiry
that you believe are important to include in this questionnaire to better evaluate or fine-tune
the proposed IoT-based depression management system architecture.

31.

32.

33.

34.

Please share any additional comments, concerns, or ideas related to the above questions or
the proposed IoT-based depression management system.

(You may address technical feasibility, ethical considerations, security risks, or potential
improvements)

How important is compliance with interoperability standards (such as HL7 and FHIR) for
ensuring the system integrates effectively with healthcare platforms (such as EHRs)?

©me e o

Extremely Important
Very Important
Moderately Important
Neutral

Somehow Important
Slightly Important
Not Important at All

Please provide any additional feedback on your choice:

How important is adherence to recognised cybersecurity frameworks (such as NIST, ISO
27001) for ensuring patient data protection and system reliability?

Nl

Extremely Important
Very Important
Moderately Important
Neutral

Slightly Important
Not Important at All

Please provide any additional feedback on your choice:

What additional security or compliance measures do you recommend for an IoT-based
healthcare system?
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Section 1: Questionnaire for Healthcare Professionals

Scenario:

Imagine you are caring for an adult patient diagnosed with moderate depression, who is living
independently at home. The patient has been prescribed medication and receives periodic therapy
sessions but often struggles with daily routine and mood fluctuations.

To support this patient, an Internet of Things (IoT)-based depression management system is introduced.
The system uses non-invasive sensors (such as smart devices, wearables, and environmental sensors)
and Artificial Intelligence (AI) algorithms to monitor physiological (such as heart rate and sleep
measurements), behavioural (such as social interactions and activity levels), and environmental factors
(such as light exposure and temperature).

When the system detects anomalies suggesting a potential worsening condition, it can:

- Send alerts (to the patient, GP, or specialist, depending on severity).
- Provide personalised recommendations (such as reminders and coping strategies).
- Enable real-time clinician access to summaries and alerts through an application or dashboard.

Your role in this questionnaire is to evaluate how appropriate and useful these features are in clinical
practice, identify potential risks, and suggest improvements to make the system clinically relevant and
safe.
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A. Data Collection

1. How important do you think physiological, behavioural, and environmental data are for

detecting early signs of anomalies in users?

a. Extremely Important

b. Very Important

c. Moderately Important

d. Neutral

e. Somehow Important

f.  Slightly Important

g. Not Important at All

Please provide any additional feedback on your choice:

2. Rate the potential impact of each data type on emotional well-being and depression
management. The impact refers to how strongly each data type can influence the ability to
detect mood changes or depression-related patterns and support timely intervention.

Data Very Low Slightly | No Slightly | High Very
Low Impact | Low impact | High Impact | High
Impact Impact Impact Impact

Physiological

(e.g., heart rate)

Behavioural

(e.g., social

connections)

Environmental

(e.g., weather

conditions)

Please provide any additional feedback on your choice:

Personalised recommendations and actions generated by the system (tailored to individual
characteristics and sensitivities) improve the quality of depression management.

Strongly Agree

Agree

Somehow Agree

Neutral

Somehow Disagree

Disagree

Strongly Disagree

wme e o

Please provide any additional feedback on your choice:

10
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4. How useful do you think physiological, behavioural, and environmental data are for making
personalised decisions for users?

Extremely Useful

Very Useful

Moderately Useful

Neutral

Somehow Useful

Slightly Useful

Not Useful at All

wme e o

Please provide any additional feedback on your choice:

B. System Initialisation

5. Assign the most suitable healthcare professional for each service:
Service General Practitioner Mental Health Practitioner
Determining patient sensitivity
Daily check-ins
Receiving urgent alerts
Providing immediate care
Providing advanced care

Please provide any additional feedback on your choice:

6. Who should be responsible for initial system setup?
a. General Practitioner

b. Mental Health Practitioner
c. Patients

d. System’s Technical Support
e. Others

Please provide any additional feedback on your choice:

7. Involving patients in system setup helps personalise the environment rather than causing

inconvenience.

a. Strongly Agree

b. Agree

c. Somehow Agree

d. Neutral

e. Somehow Disagree
f. Disagree

g. Strongly Disagree

Please provide any additional feedback on your choice:

11
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C. Data Processing

8. Delayed alerts (due to technological issues) reduce confidence in the system.
a. Strongly Agree

b. Agree

c. Somehow Agree

d. Neutral

e. Somehow Disagree
f. Disagree

g. Strongly Disagree

Please provide any additional feedback on your choice:

D. Monitoring Mechanism

9. Map useful alert levels to the symptom severity:

Severity Local Audio Alerts Alert to GP Alert to Specialist
Severe
Moderate
Mild

Please provide any additional feedback on your choice:

10. Local alert mechanisms are useful for moderate and mild conditions.
a. Strongly Agree

b. Agree

c. Somehow Agree

d. Neutral

e. Somehow Disagree
f. Disagree

g. Strongly Disagree

Please provide any additional feedback on your choice:

11. What is your preferred method of receiving alerts?
a. App notifications
b. SMS
c. Integrated EMR alerts

Please provide any additional feedback on your choice:

12
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E. Anomaly Detection

12. How confident would you be in trusting an emergency alert if the system achieves >= 90%
accuracy in real-world conditions?

e e o

Extremely Confident
Very Confident
Moderately Confident
Neutral

Somehow Confident
Slightly Confident
Not Confident at All

Please provide any additional feedback on your choice:

13. Frequent false positives reduce clinical trust.

e e o

Strongly Agree
Agree

Somehow Agree
Neutral

Somehow Disagree
Disagree

Strongly Disagree

Please provide any additional feedback on your choice:

14. In some cases, missing an emergency alert (false negative) may be acceptable if it reduces
unnecessary alerts and interventions.

@ moe a0 oW

Strongly Agree
Agree

Somehow Agree
Neutral

Somehow Disagree
Disagree

Strongly Disagree

Please provide any additional feedback on your choice:

F. Feedback Process

15. Users and caregivers should have access to event summaries through an app or portal.

a.

oo oo o

Strongly Agree
Agree

Somehow Agree
Neutral

Somehow Disagree
Disagree

Strongly Disagree

Please provide any additional feedback on your choice:

13
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16.

Allowing patients to confirm or cancel false alarms reduces unnecessary interventions.
a. Strongly Agree

b. Agree

c. Somehow Agree

d. Neutral

e. Somehow Disagree
f. Disagree

g. Strongly Disagree

Please provide any additional feedback on your choice:

G. Clinical Practice Context and Perceptions

17.

18.

My current clinical work involves significant challenges in identifying and addressing
patients’ needs related to depression.

Strongly Agree

Agree

Somehow Agree

Neutral

Somehow Disagree

Disagree

Strongly Disagree
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Please provide any additional feedback on your choice:

I actively monitor for specific “red flags” or early warning signs that indicate worsening
depression or increased risk in my patients.

Strongly Agree

Agree

Somehow Agree

Neutral

Somehow Disagree

Disagree

Strongly Disagree

@ me a0 o

Please provide any additional feedback on your choice:

14
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19. How would you describe your own level of digital literacy?

20.

21.

22.

a.
b.
c.

Very Low — I am not confident and require significant assistance with digital tools.
Low — I require regular assistance with most digital tools.

Slightly Low — I can use only basic digital tools and often need help with intermediate
features.

Moderate — I can use basic digital tools but may require support for advanced features.
Slightly High — I can use most digital tools but may need occasional help with advanced
technologies.

High — I can use most technologies without difficulty.

Very High — I am highly confident and can independently use and learn new
technologies.

Please provide any additional feedback on your choice:

Digital health technologies (such as IoT devices, smart-home monitoring) can significantly
improve the quality and timeliness of mental health care.

@ me a0 o

Strongly Agree
Agree

Somehow Agree
Neutral

Somehow Disagree
Disagree

Strongly Disagree

Please provide any additional feedback on your choice:

Lack of appropriate tools and systems is a major challenge in delivering effective
depression care.

e e o

Strongly Agree
Agree

Somehow Agree
Neutral

Somehow Disagree
Disagree

Strongly Disagree

Please provide any additional feedback on your choice:

I believe there are unmet needs in my clinical practice that could be addressed by
technology-assisted monitoring and intervention systems.
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Strongly Agree
Agree

Somehow Agree
Neutral

Somehow Disagree
Disagree

Strongly Disagree

Please provide any additional feedback on your choice:

15
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23. The proposed loT-based depression management system could improve depression care in
my clinical setting.

24.

e e o

Strongly Agree
Agree

Somehow Agree
Neutral

Somehow Disagree
Disagree

Strongly Disagree

Please provide any additional feedback on your choice:

Are you aware of any existing digital apps or monitoring systems for depression
management (such as loT-based systems, mobile applications, or clinical platforms)?

a.
b.

Yes — Please specify:
No

. Legal and Regulatory Considerations

25. Please indicate any specific rules, regulations, or legislation that should be considered when
designing the depression management system (such as data privacy, medical device
regulations, patient consent laws).

26.

27.

28.

What legal or ethical considerations must be addressed when implementing such a system
in clinical practice?

From your perspective, how do regulatory requirements differ when the system is used
primarily as:

c.
d.

A support tool for patients themselves?
A clinical decision support tool for healthcare professionals?

Please provide any additional feedback on your choice:

Please share any additional comments or suggestions related to the above questions or the
overall topic of depression management and monitoring systems.

16



Appendix D

Participant Feedback Reports

This appendix contains the feedback reports provided to participants following the question-
naire.
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1. Expert Questionnaire Results — Technical Experts

A structured questionnaire was administered to domain experts (14 experts) to evaluate the
proposed IoT-based depression management system. A consensus-based analysis approach was
used, with a 70% agreement threshold considered sufficient to indicate expert support.
Agreement levels above 85% were interpreted as strong consensus, while 100% indicated full
unanimity.

Overall, the results demonstrate substantial expert endorsement of the proposed architecture,
particularly in relation to multimodal sensing, hybrid edge-cloud processing, and personalised
modelling. These findings suggest that the system is technically feasible according to expert
opinion and aligns with current expectations for healthcare IoT solutions. However, some
lower-consensus items highlight important design sensitivities that require careful
consideration.

1.1. Consensus summary of closed-ended questions

Table 1 shows the consensus percentage on different components of the architecture, collected
by closed-ended questions.

Table 1: Consensus summary — technical experts

Component Consensus (%)
Multimodal sensing 92.9
Missing data handling 78.6
Edge-based analysis 100
Cloud retraining 100
Edge feasibility 85.7
Latency reduction (edge) 85.7
Post-processing 92.9
User feedback 100
Cloud logging 100
Bidirectional communication 92.9
Technical feasibility 85.7

The following subsections provide details on the closed-ended questions.
1.1.1. Multimodal sensing and data handling

Experts strongly supported the inclusion of physiological, behavioural, and environmental data
(92.9%). The methods for handling missing data achieved 78.6% consensus, indicating
acceptance but highlighting the need for careful implementation. Ranking results showed a
preference for context-aware approaches (e.g., questionnaires) followed by predictive
modelling, data imputation techniques, and rule-based input.

These findings suggest that system design should prioritise adaptive, context-sensitive data
handling mechanisms, particularly in dynamic real-world environments.
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1.1.2. Edge-cloud architecture and real-time monitoring

There was unanimous agreement (100%) that edge-based processing reduces network load and
accelerates emergency alerts, while 85.7% agreed that it reduces latency. Additional
components, including edge feasibility (85.7%) and post-processing (92.9%), were also
strongly supported. This validates a hybrid architecture in which the edge handles real-time
detection and the cloud supports long-term learning and optimisation.

1.2. Thematic summary of open-ended responses

Table 2 shows the key insights extracted from open-ended responses for each theme related to
the proposed architecture.

Table 2: Key themes from qualitative analysis — technical experts

Theme Key insight

Personalised baseline Individual patterns must guide detection

Sensor calibration Accuracy, noise, and placement are critical
Context-aware rules Behaviour must be interpreted within context
Multi-sensor fusion Combining modalities improves robustness
Thresholds & smoothing Alerts should depend on sustained changes
Missing data tolerance The system must handle incomplete data robustly
User burden control Over-prompting can affect behaviour

These themes reinforce that personalisation, calibration, and context-awareness are central to
reducing false positives and improving reliability. The following subsections explain the details
of the insights based on open-ended questions.

1.2.1. Model initialisation and anomaly detection

Experts favoured user-specific models, with some support for hybrid approaches starting from
pre-trained models. Recommended techniques included unsupervised and semi-supervised
methods (e.g., autoencoders, Isolation Forest, LSTM), reflecting the limited availability of
labelled data.

1.2.2. Cloud services, operations, and governance

IoT device management was the most frequently selected cloud capability. Daily system health
checks were preferred, highlighting the need for continuous monitoring. Experts also
emphasised compliance with data privacy, interoperability, and medical standards (e.g., GDPR,
HIPAA, HL7/FHIR, ISO).

1.3. Overall interpretation

The results demonstrate broad expert support for the proposed system, particularly its emphasis
on personalisation, hybrid edge-cloud processing, and multimodal sensing. However, lower
agreement in some areas indicates the need for careful handling of time-sensitive and safety-
critical alerts and system assumptions.

These findings directly inform the design of the proposed architecture by validating key
decisions related to adaptive modelling, real-time processing, and system reliability.
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2. Expert Questionnaire Results — Clinical Experts

A questionnaire was administered to eight clinical experts to evaluate the proposed loT-based
depression management system from the perspectives of clinical usefulness, alert handling,
workflow integration, and regulatory considerations. A 70% agreement threshold was used to
indicate consensus, with >85% representing strong agreement and 100% full unanimity.

Overall, the results demonstrate strong support for multimodal data integration, personalised
decision-making, and reliable alerting. At the same time, experts highlighted critical concerns
regarding alert reliability, missed critical events, patient engagement, and regulatory
compliance.

2.1. Consensus summary of closed-ended questions

Table 3 summarises the level of agreement across key components. All items achieved
consensus except for the acceptance of missed emergency alerts (25%), indicating strong expert
rejection of false negatives in safety-critical contexts.

Table 3: Consensus summary - clinical experts

Components Consensus
(%)
Multimodal data for anomaly detection 100
Personalised recommendations improve care 100
Multimodal data supports personalised decisions 100
Patient involvement in setup 100
Delayed alerts reduce trust 100
False positives reduce clinical trust 100
Local alerts for mild/moderate cases 75
Trust in alerts at >90% accuracy 75
Event summaries via app/portal 75
Patients confirm/cancel false alarms 87.5
Missing an alert may be acceptable 25
Digital literacy 100
Digital health can improve care 100
Lack of tools is a major challenge 100
Unmet needs could be addressed by technology 75
The proposed system could improve care 75

The following subsections provide more details on responses from closed-ended questions in
the questionnaire for clinical experts.

2.1.1. Multimodal data and personalisation

Experts unanimously supported the use of physiological, behavioural, and environmental data
for early anomaly detection and personalised decision-making. However, ranking results
indicate that physiological and environmental data were perceived as most influential, while
behavioural data received comparatively lower influence scores. This suggests that although
multimodal sensing is essential, not all data types contribute equally to clinical insight.
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2.1.2. Alerting, trust, and safety

There was broad agreement that delayed alerts and frequent false positives erode trust,
underscoring the importance of reliable, timely system responses. Moderate consensus (75-
87.5%) supported local alerts, high-confidence alerting, event summaries, and patient
confirmation of false alarms, indicating preference for user-in-the-loop mechanisms.

A key finding is the strong reluctance to tolerate missed emergency alerts (25%), demonstrating
that experts prioritise sensitivity and safety over reducing alert frequency in critical scenarios.

Alert delivery preferences were distributed across app notifications, EMR integration, and
SMS, suggesting the need for multi-channel alert dissemination. In addition, experts showed
consistent mapping between alert levels and symptom severity (severe, moderate, mild),
supporting structured alert hierarchies within the system design.

2.1.3. Clinical workflow and governance

Role allocation revealed a clear division of responsibilities: mental health practitioners were
preferred for sensitivity assessment and advanced care, while general practitioners were more
frequently associated with urgent alerts and immediate intervention. Initial system setup was
also most commonly assigned to mental health practitioners, supporting a layered, role-specific
care model.

Despite unanimous agreement that lack of tools is a major challenge (100%), fewer experts
reported active monitoring practices (50%) or significant clinical challenges (37.5%),
suggesting variability in current workflows and potential gaps between perceived needs and
practice.

Awareness of existing digital depression tools was limited, with most respondents who
answered this item being unfamiliar with such systems, reinforcing the novelty and potential
value of the proposed approach.

Experts consistently emphasised regulatory requirements, including data privacy (e.g., Privacy
Act 2020), informed consent, medical device compliance, clinical safety, cybersecurity, and
accessibility. Requirements varied by context, with patient-facing tools focusing on safe self-
management and clinical systems requiring stricter validation, accountability, and auditability.

2.2. Thematic summary of open-ended responses

Table 4 summarises the key themes identified from open-ended responses.
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Table 4: Main themes from open-ended responses — clinical experts

Theme Key insight

Multimodal sensing Use combined physiological, behavioural, and environmental
data

Personalisation Tailor recommendations and thresholds to the individual

Trustworthy alerts Reduce delay and false positives; keep alerts clinically
reliable

User-in-the-loop design Allow patients to confirm or cancel false alarms

Role-specific workflows Distribute responsibilities across clinical roles

Regulatory compliance Address privacy, consent, safety, and medical device rules

Engagement and adherence | Minimise burden to support long-term use

Experts consistently emphasised the importance of privacy, informed consent, medical device
regulation, clinical safety, cybersecurity, and accessibility. Regulatory expectations varied
depending on system use: patient-facing tools were associated with privacy and safe self-
management, while clinical deployment required stricter validation, accountability, and
compliance.

A notable insight relates to patient engagement. Several experts highlighted that individuals
with severe depression may struggle with adherence and active participation, indicating that
system design must minimise user burden and support passive monitoring where possible.

Furthermore, limited awareness of existing digital depression tools among participants
suggests that such systems are not yet widely integrated into routine clinical practice,
reinforcing the potential novelty and relevance of the proposed solution.

2.3. Overall interpretation

Using the 70% consensus threshold, most components of the proposed system were supported,
with several achieving full unanimity. The findings validate the importance of multimodal data
integration, personalised interventions, and reliable alerting mechanisms.

Crucially, the results demonstrate that missed critical alerts are largely unacceptable,
reinforcing the need for high-sensitivity detection. At the same time, variability in current
clinical practices, limited awareness of existing tools, and concerns around patient engagement
highlight important real-world implementation challenges.

Overall, the proposed system is supported as a clinically relevant and promising approach,
provided that reliability, regulatory compliance, and user engagement are carefully addressed.
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