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ABSTRACT

D
epression has increasingly become a significant concern over the years, even

more so since the start of the COVID-19 pandemic. In the first year of the

pandemic, anxiety and depression increased by 25% in all populations. Many

older-aged people believe that mental illness is not something that can be treated

and is often stigmatized. More so, older-aged people often have an increased risk of

other mental issues, misdiagnosis as general age-related deterioration such as general

cognitive impairment, Alzheimer’s disease, or dementia. This increased dependence on

others and loss of general socio-economic status increases the likelihood of depression.

In older aged people, mental illness and other age-related conditions inevitably lead

to caregiver burden and dependence. One approach to aid in potentially alleviating

caregiver burden while allowing older-aged people to live alone, is the use of consumer

grade smart wearables to monitor depressive tendencies.

Increasingly, studies are being conducted on emotion recognition using contemporary

technologies, particularly smart wearables. There is however a lack of focus on older-aged

people (65+ years) as the target demographic. When this cohort has been investigated,

study materials consist of obtrusive on-body sensors or are administered in lab-based

settings with external emotion stimulation. As such, these are inapplicable or less

accurate in real-world settings.

This thesis aims to address the above issues by proposing AutoMAP - Autonomous
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Mental health monitoring for older Aged Persons - a framework that incorporates

consumer grade smart wearables for implicit user input and machine learning to infer

depressive tendencies in order to create this system, a framework was proposed based

on a comprehensive literature review in the area of emotion recognition and machine

learning. This literature review was conducted to develop a clearer overview of mental

health issues around the world, particularly in older-aged people, and the current state

of research in emotion recognition and smart technologies. Through an in-depth analysis

of existing research, strengths and limitations of existing approaches were highlighted.

An assessment of these strengths and limitations allowed for the refinement of the

current research project, aiming to reduce some of the identified limitations. Second, a

conceptual framework that provides autonomous mental health monitoring for older aged

people was developed. Third, an experimental study was performed with mixed-design

methods to validate the proposed framework. Lastly, data outputs from the experimental

study were analysed to validate the feasibility of the framework. Activity data from

wearable devices were used to train and evaluate machine learning models to assess

their predictive performance toward depressive tendency detection.

Based on the above, a proof-of-concept platform was created that consisted of (1)

implicit user input, (2) machine learning, and (3) emotion reporting infrastructure.

Various machine learning models will be explored for predictive modelling on device

data. This research aims to conceptualize, propose, and pilot the impact and potential

applicability of AutoMAP. These findings can collectively build a foundation toward

better mental health monitoring and independent living for older aged users.
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1
INTRODUCTION

T
his chapter provides an overview of the problem that has led to this research.

Also presented, are the aims, research questions, scope, and rationale of the

project. The structure of this thesis is also detailed at the end of this chapter.

1.1 Depression, emotions and perception

Older-aged people experience stressful situations similarly to younger people, as well

as stressors encountered later in life such as a continuing loss in capabilities and

declining set of functional abilities. Additional stressors include a reduced socioeconomic

status due to retirement. These experiences can lead to psychological distress or deeper

mental health issues for older aged people. In addition, older aged people are also more

vulnerable to various sorts of psychological, verbal, or physical abuse, which will increase

the likelihood of anxiety or depression. This makes it difficult or impossible for family

members to be at ease when their older relatives are living alone. Furthermore, some

older-aged people insist on staying on their own regardless of functional (dis)ability.
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CHAPTER 1. INTRODUCTION

Despite this, there are also older-aged people that have no preference in their living

arrangements, though their families may be unable to assist due various reasons, such

as loss of income or being faced with additional expenses that may not necessarily be

covered under insurance (Grunberg, 2010). Patients with cognitive impairment-type

diseases such as Alzheimer’s or Dementia face deterioration of mental functions as well

as potentially changing personality traits. This leads to caregiver burden as carers may

not know how to assist the person (Hamdy et al., 2017) or know the best management of

their relatives. There is an increasing number of older aged people living alone (Hsu &

Chien, 2009). To tackle this issue, enhanced monitoring systems that assist older aged

people to live alone with minimal to no caregiver burden, could be used. A potential

approach could be the implementation of a more implicit and independent monitoring

system that uses Emotion Recognition (ER) methods.

ER is the processing and perception or identification of human emotion. This is

often performed by facial cues or explicit verbal expression. While this is something

most humans can do, there are ongoing studies that attempt to automate this process

(Ko, 2018; Xiaoxi et al., 2017). Some diagnoses where humans tend to find difficulty

perceiving or expressing emotions include Autism, Alzheimer’s, Parkinson’s, dementia, or

general age related cognitive deterioration. In the case where the use of or the ability of

verbal expression is not hindered, older-aged people are still known to report depression

more infrequently than younger people, which could lead to increased anxiety (Sas et

al., 2017). The aim of the current study is to propose an emotion recognition-based

monitoring system that requires minimal explicit user input or interaction, to potentially

aid and assist older aged people that live alone by reducing mental or caregiver burden.

Such a system could allow older-aged people to live alone, subsequently increasing their

independence but also allow for timely assistance in the event of an emergent situation.

It would also reduce caregiver burden by lowering continual human monitoring and
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reliance/dependence. There are various studies on how on-body or wearable devices

can be used to assist users to a better quality of life through positive physical activity

behavioural changes. Many studies focus on using ’on-body’ sensors or wearable devices

such as smartwatches or smartphone sensors in ongoing attempts towards smarter

emotion recognition (Kumar et al., 2021; Luxton et al., n.d.; Park et al., 2020; Shu et

al., 2020). However, these studies often require an explicit form of user input, such

as being in a set frame of reference for facial recognition or requiring on-body sensors

such as electroencephalography (EEG) or electrocardiography (ECG) devices. While

younger users adapt to emerging technologies and devices, older-aged people tend to

have difficulties implementing new technologies, leading to apprehension, frustration,

and avoidance of newer technologies. Some research (Kasteren et al., 2017; Vaportzis

et al., 2017) also contends that modern technologies, like smart homes, are met with

apprehension from the older aged people due to a lack of familiarity and comfort. This is

further strengthened when the user experiences cognitive deterioration with conditions

such as Alzheimer’s or Dementia (Koo & Vizer, 2019).

Growing focus has been placed on determining the connection between explicit

physiological signals and implicit internal feelings (Kasteren et al., 2017; Khundaqji

et al., 2020; Quiroz et al., 2018; Rohani et al., 2018; Shu et al., 2020). There are many

studies on emotion recognition using various kinds of sensors (Ali et al., 2018; Patlar

Akbulut et al., 2020). Studies highlight that motion based or wearable approaches are

not necessarily the best fit for monitoring as some of these studies attach various sensors

to the body. Other studies have pre-set classification models which only apply to younger

subjects and would likely be ineffective for older aged people. This is because older aged

people, particularly those with cognitive impairments or chronic illnesses tend to be

more unpredictable in their behaviours (Grunberg, 2010; Virtanen et al., 2017), which

would be classified as outliers in current classification models.
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The ability to infer emotions from facial expressions becomes more difficult with age

related cognitive impairment (Virtanen et al., 2017). For speech recognition, we must

consider the possibility that older aged people become non-verbal due to age related

conditions such as a stroke. Furthermore, recognition of positive emotions is less impaired

with a severe decline in cognitive function as opposed to negative emotions, i.e., test

participants had a higher accuracy when inferring positive emotions such as happiness

(69.3%) in comparison to anger (50.8%) and sadness (45.8%). Similar research (Wiechetek

Ostos et al., 2011) also observed that there is selective impairment in ’disgust’ and ’fear’

recognition with increasing cognitive impairment due to progressive damage to neural

structures, linked to emotion and facial recognition. It is plausible that as people become

older it becomes harder for a person to infer and express their own emotions. For example,

a study (Park et al., 2017) showed Facial Emotion Recognition impairment in patients

with FrontoTemporal Dementia (FTD), Alzheimer’s Disease (AD), and Mild Cognitive

Impairment (MCI). To do this, the study examined the Facial Emotion Recognition

(FER) performance of patients with FTD, AD, and those with MCI against healthy

controls (HCs). Recognition of negative emotions differentiated between participants

with FTD and those with MCI, AD or HCs. The recognition of positive emotions showed

no differences. They also stated that there is still a need for more enhanced emotion

recognition tools. There have been studies on exploiting smart home technologies for

activity recognition. However, only one study focused on the older aged people (Kasteren

et al., 2017). The study focused on activity recognition only and required explicit user

input and interaction to some extent. The study commonly found false triggers in the

algorithm due to an inability to handle exceptions caused by variations in the daily

routines of older aged people.
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1.2 Implications and Limitations of existing research

Although there is a lot of research being conducted on the applications of smart wear-

ables for health and emotion recognition, not enough focus has been placed on the

older-aged people as the target demographic. Current studies on emotion recognition

using smart wearables are commonly conducted in lab-based settings with obtrusive

on-body sensors and require emotion elicitation through external stimulation. This may

render the outputs of these investigation less applicable in real-world implementation.

Existing research has most commonly produced binary, categorical outputs such as

happy-neutral-sad or happy vs sad. In this thesis, we introduced the AutoMAP frame-

work for Autonomous mental health Monitoring of older-aged people. This framework

consists of three components that come together to produce an implementation that

would provide less obtrusive mental health monitoring focused on the older-aged peo-

ple, with data collected in real-world routine-based settings. Figure 1.1 illustrates a

comparison of current emotion recognition research versus autonomous mental health

monitoring (AutoMAP), which is introduced and detailed further in this thesis.
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Figure 1.1: Proposed autonomous monitoring vs current state of research

1.3 Research Stakeholders

In the context of this research, stakeholders refer to the combined group of people that

can benefit from the findings of this project. There are two subgroups of stakeholders;

Older aged people using the wearable activity monitor, and their caregivers that will

be the emotion reporting mobile application end users. Users of the wearable serve

as stakeholders in that their mental health would be monitored without necessarily

needing to explicit interactions with caregivers or medical professionals. Smartwatch

users consist of 173 million users in 2022 alone (Fig. 1.2), with numbers increasing to

253 million by 2025 (Laricchia, 2019). Subsequently, aged care communities, assisted

ambient living societies, and healthcare providers with outpatient care may potentially
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benefit from this research.

Figure 1.2: Smartwatch shipments forecast worldwide from 2016 to 2025 (in millions)
(Laricchia, 2019)

1.4 Research Aims & Objectives

1.4.1 Primary Aim

Current research incorporating smart wearables has a positive effect on physical activity

and behavioural change (Chum et al., 2017; Lyons et al., 2017; Tong et al., 2018), while

emotion recognition through smart wearables is effective in binary classifications across

happy-neutral-sad / positive-neutral-negative (Quiroz et al., 2018; Shu et al., 2020; Zhang

et al., 2016). However, many of these studies are performed in lab-based settings, require

emotion stimulation, or for the participant to wear obtrusive on-body sensors (Fig. 1).
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Table 1.1: Research Overview.

Research Question Research Aim Research Objectives

RQ1. Will older
aged people use the
chosen wearable
device and find it
easy and convenient
in a routine-based
implementation?

Evaluate feasibility
and convenience of a
least obtrusive data
collection device.

Conduct comprehensive litera-
ture review.

Develop conceptual frame-
work for autonomous mental
health monitoring.

Determine the best suited
device for unobtrusive data
collection.

Carry out data collection.

Gather feedback on feasibility
and convenience of unobtrusive
data collection method.

RQ2. Can physiolog-
ical data from wear-
able devices be indica-
tive of depressive ten-
dencies in users?

Train a classifier to
process physiological
inputs into a score out-
lining depressive ten-
dency in the user.

Perform ETL processes to prepare
dataset for model training.

Evaluate model performance.

RQ3. Can the pro-
posed framework have
a potential impact in
reducing caregiver
burden and assisting
older aged people to
live independently?

Evaluate potential
framework impact pre-
and post- implementa-
tion.

Conduct post-study interviews
with returning participants for
feedback on feasibility and accept-
ability of framework.
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The primary goal of this research project is to (1) explore the relationship between

wearable device data and depression and (2) the applicability of machine learning

models to infer depressive states in users. Consequently, this research will introduce

an unobtrusive autonomous mental health monitoring framework for older-aged people.

This could reduce undiagnosed or reported mental health incidents in older-aged people.

Additionally, this may also reduce caregiver burden and dependence. This framework

aims to predict depressive tendencies in users and is not intended as a diagnostic tool.

For this, there are three research questions, which will be addressed through three aims

and corresponding objectives. These aims focus on developing and validating a proposed

conceptual framework to monitor mental health among older aged people. It is intended

that the thesis objectives will benefit the research stakeholders.

1.4.2 Objectives

The first part of this research will focus on determining the feasibility of using consumer

grade smart wearables as an unobtrusive method to collect data from the user, while

requiring minimal explicit interaction with the device. Comparing existing studies, the

sensors, approaches they applied, and limitations encountered, will help determine

which device is the most convenient for the user. The second part of this research aims to

develop a machine learning model that uses physiological data from smart wearables. The

model would process device data and produce a predictive score of depressive tendency

in the user. Extracted physiological device data and user questionnaire responses will

be used for preparing the dataset to train and test the machine learning model. The

third and final part of this research intends to validate the feasibility and acceptability

of using consumer grade smart wearables in predicting a user’s depressive state, while

potentially alleviating caregiver burden and dependence that sometimes occurs as a

secondary consequence of aging.
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To evaluate the feasibility and convenience of using a consumer grade smart wearable

to collect physiological user data, the first objective is to conduct a comprehensive

literature review to provide insight on what methods, sensors, and devices are being used

in recent studies and we identify any gaps in the literature. These objectives together,

will (1) aid in selecting a device for the study that is minimally obtrusive, convenient,

cost-effective, and easily implementable and (2) lead to the development of a conceptual

framework for autonomous mental health monitoring for older aged people.

The second set of objectives consist of extract-transform-load (ETL) processes to form

a data pre-processing pipeline that leads to a novel dataset consisting of physiological

Fitbit data and questionnaire responses. This dataset will be used to train, test, and vali-

date machine-learning models to determine the most suitable model for the conceptual

framework.

The final objective will validate the feasibility and potential impact of the framework

for older aged people and their caregivers. This framework should assist in monitoring the

depressive tendencies of a user and automatically report to a caregiver should depressive

tendencies reach a concerning threshold. A summary of the research questions, aims and

objectives is presented in Table 1. Figure 1.1 provides an overview of current research in

relation to the aims and objectives of this research.

1.5 Research Significance

The aim of this research project is to evaluate the applicability of wearable devices and

machine learning to aid and assist older aged people that live alone (Fig. 1.3), especially

those with depressive tendencies, cognitive impairments, or general age-related cognitive

decline. In some cases, older aged people are non-verbal or are unable to express or

perceive emotions. Some older aged people are also less likely to vocalize mental health

issues like depression, and it is often misdiagnosed as general cognitive decline (CDC,
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2021). This research focuses on detecting and monitoring tendencies in older-aged people

through unobtrusive means and minimal explicit user input or interaction. This study

will be using smartwatches to collect the user’s walking, sleep, and heart rate data to

derive their emotional state (depression centred). Figure 1.3 illustrates the proposed

mental health monitoring framework - AutoMAP. This framework will be discussed in

further detail in Chapter 2.

Figure 1.3: AutoMAP framework

This research intends to improve the quality of life and reduce caregiver burden by

assisting the older aged end users of the proposed framework in being more independent,

while being monitored and possibly having emergent care available when necessary.

Validation was be performed through pre- and post-trial interviews with users, older

aged people, along with evaluation of predictive performance of the ML model.

1.6 Approach

The methodology of this research project follows a mixed qualitative and quantitative

design.

Prior to study commencement, literature reviews, device selection, framework con-

ception along with ethical considerations were addressed and ethics approvals were

acquired. Following this, participants were recruited for the study for a 4-week period. As

this research was performed in human subjects, there is always some level of potential

risk, however all foreseeable risks were addressed and accounted for, with mitigation

techniques if required. During the 4-week period, data were collected through the se-
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lected device, along with a set of online questionnaires. Participants were instructed on

the frequency of questionnaire response and the requirements for keeping the device on

though the study period.

Finally, upon the completion of the 4-week study period and post-completion inter-

views, qualitative and quantitative analyses were be conducted. The outcomes of these

analyses helped determine the feasibility of the framework, select the most suitable

machine learning model, and effectively build a foundation toward autonomous mental

health monitoring by means of minimal user interaction or obtrusion. A summary of

study phases and corresponding outcomes are shown in Table 2.

1.7 Structure of this Dissertation

The remainder of thesis is structured as follows: Chapter 2 presents a comprehensive

literature review into emotion recognition, depression, current trends in research on

smart wearables and mental health, the gaps, and limitations of existing literature.

Chapter 3 details the methods and protocols applied in this study. This chapter

explains the processes and considerations taken that led to the final study design, the

types of analyses performed along with the rationale for choosing each type of analysis.

Chapter 4 presents the qualitative findings from interviews conducted to evaluate the

feasibility, acceptability, and usability of the data collection device. Chapter 5 provides

a descriptive overview of the extract physiological smart wearable data, along with an

in-depth look at the quantitative findings of the study. This chapter describes the types

of machine learning models evaluated in the model selection stage, along with a deeper

dive into the best performing model. Challenges and limitations faced with the dataset

and quantitative analysis as a whole are also presented.

Finally, Chapter 6 concludes this thesis, explaining how the combined study out-

comes validate the conceptual framework and build a foundation toward a proof-concept

12
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Table 1.2: Research Phases and Aimed Outcomes.

Phase Outcomes

Phase 1: Pre-intervention consid-
erations

Literature review.

Device selection.

Framework conception.

Carry out data collection.

Ethical considerations and approvals.

Phase 2: Participant recruitment
and onboarding

Dissemination of study materials.

Conduction of pre-intervention interviews.

Phase 3: Feasibility of using con-
sumer grade wearables for data
collection with older aged users

Data collection using wearable device.

Conduction of post-intervention inter-
views.

Assessment of framework feasibility.

Phase 4: Data extraction and
analysis

Measures of agreement and feasibility of
framework.

Development of extract-load-transform
pipeline for Fitbit data.

Phase 5: Phase 5: Development of
predictive model

Pre-processing of combined and individual
participant datasets.

Machine learning model selection and
evaluation.

Phase 6: Validate proof-of-concept
framework

Evaluation of applicability and applicability
of the conceptual framework.

Analysis of results and conclusions.
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framework. This chapter also presents concluding statements, limitations, and promising

future directions of this research.

1.8 Conclusion

This chapter introduced the research questions, aims and objectives while setting the

foundation of this research. This chapter presented an overview and discussion on the

current state of emotion recognition research. The next chapter sets out the theoretical

foundations of this work and presents the current state of research in emotion recognition

and smart technologies.
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2
LITERATURE REVIEW.

T
his chapter provides an overview of current emotion recognition techniques

and why they may not necessarily be suitable or feasible for older-aged people.

There is a lot of research on implementing smart devices and wireless sensors

for emotion recognition in users. While this is an important direction toward mental

health monitoring, not enough focus is placed on older aged people as the focal cohort.

This may present as an obstacle for real world implementation, as these experiments are

often held in lab-based settings and consist of younger study participants. With age, there

is an increased likelihood of experiencing cognitive decline, which may cause impairments

in daily functional capabilities (Murman, 2015). One of the main cognitive functions

affected by age is attention, along with perception among other sensory capacities (Glisky,

2007).

This analysis serves as a foundation for a proposed conceptual framework toward

an autonomous monitoring system for older aged people which could minimize the

need for explicit user input or interaction while still monitoring well-being. A stronger

understanding of existing literature and a comparison of the strengths and limitations
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will supplement the decision-making process in deciding the type of smart wearable,

algorithms and accompanying technologies that will be incorporated within the AutoMAP

framework introduced in Chapter 1.

2.1 Background

2.1.1 Emotion Recognition

Emotion recognition (ER) is the processing and perception or identification of human

emotion. This is commonly performed either by facial cues or by explicit verbal expression.

While this is something most humans do innately, there are ongoing studies attempting to

automate this. Sometimes humans find it difficult perceiving or expressing emotions, for

example if they have Autism, or age induced cognitive deterioration such as Alzheimer’s,

Parkinson’s Disease or dementia. In cases where the use of or the ability of verbal

expression is not hindered, older-aged people report depressed tendencies less than

younger people do, leading to increased anxiety (Depression and Older Adults, n.d.).

Currently, there are various studies focusing on using on-body sensors or wearable

devices such as smartwatches or smartphone sensors in an ongoing attempt toward

smarter emotion recognition (Y. Chen & Shen, 2017; Ghosh & Riccardi, 2014; Lustrek

et al., 2015; Quiroz et al., 2018). However, these studies require explicit forms of user

input, such as being in a set frame of reference for facial recognition or requiring an

on-body sensor such as an Electroencephalography (EEG) or Electrocardiography (ECG)

device. While younger users adapt to emerging technologies and devices quickly, the

older aged people tend to face challenges in this respect, leading to apprehension or even

frustration and avoidance of using these technologies as a whole (Yaddaden et al., 2016).

Some focus has been placed on determining the connection between explicit physiological

signals and implicit internal feelings such as fear (Ali et al., 2018; Miranda et al., 2021;
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Shu et al., 2018). Rohani et al. (2018) conducted a review of 46 studies evaluating the

correlation between objective behavioural features and depressive mood symptoms in

participants. The review showed significant correlations between behavioural aspects

and depressive moods, with albeit inconsistent study methodologies. There are studies

on emotion recognition using various kinds of sensors for physiological signals. The

ability to infer emotions from facial expressions becomes more difficult with age related

cognitive impairment, and at a higher rate in the case of deteriorating cognitive function

(Virtanen et al., 2017). This may also lead to apprehension or even frustration and

avoidance of new technologies in general (Boustani et al., 2007). The study also found

that recognition of positive emotions is less impaired with a severe decline in cognitive

function as opposed to negative emotions. Test participants had a higher accuracy

when inferring positive emotions such as happiness (69.3%) in comparison to anger

(50.8%) and sadness (45.8%). Wiechetek Ostos et al. (2011) additionally observed that

there is selective impairment in disgust and fear recognition with increasing cognitive

impairment due to progressive damage to neural structures linked to emotion and facial

recognition. Park et al. (2017) performed tests and found further evidence on Facial

Emotion Recognition (FER) impairment in patients with FrontoTemporal Dementia

(FTD), Alzheimer’s disease (AD), and those with mild cognitive impairment (MCI). To do

this, the study examined the FER performance of patients with FTD, AD, and those with

MCI against healthy controls (HCs). Their approach found that recognition of negative

emotions differentiated between participants with FTD and those with MCI, AD or HCs.

The recognition of positive emotions showed no differentiation. They also stated that

there is still a need for more enhanced emotion recognition tools.

There have also been studies on exploiting smart home technologies for activity

recognition. Kasteren et al. (2017) focused on older aged people however, the study

focused on activity recognition only, and required a level of explicit user input and
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interaction. There were also cases of false triggers due to an inability to handle exceptions

caused by variations in the daily routines of the older aged people. Shu et al. (2018) state

that while physiological data is a more definitive method for determining a person’s

emotional state, there is still a certain level of difficulty for inferring a person’s emotional

state using a single physiological signal. It was hypothesized that combinations of various

physiological sensors could lead to improvements in emotion recognition approaches.

They outperformed a comprehensive review on various current physiological signal-

based emotion recognition approaches. The review evaluated EEG, ECG, HR, GSR, RSP,

and EMG methods proposed by researchers for emotion recognition. Smoothing filters

and additional noise extraction methods were also used to remove any interference or

background noise such as respiration sinus arrhythmias (RSA) from RSP or eye blinks

from EEG signals. The review assessed emotion recognition frameworks as well as

common setups for high quality physiological data acquisition. Also considered were the

conditions under which study participants were required under, for valid data collection,

such as sitting motionless in front of a screen for visual emotion elicitation. The review

also reported challenges encountered by researchers using physiological signals for

emotion recognition, starting off with emotion elicitation. They found that the process of

emotion elicitation is commonly undertaken in a lab-based setup, with the test subject

sitting motionless in front of a screen with emotion triggering stimuli being played for

them.

The remainder of this chapter looks into the various types of sensors used in current

emotion recognition studies. Insight into ageing, technology acceptance and mental

health is presented as well. While under the same umbrella as wearable devices, on-body

devices refer to relatively obtrusive devices such as EEG headsets and chest-mounted

monitors. On the other hand, smart devices refer to wearables that are deemed less

obtrusive. Wireless devices are included under non-contact devices. The majority of
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Table 2.1: Summarized grouped information on studies based on the type of device.

Device
Type

Author Year Multi-
modal

Measures

On-body Wan et al.
Tengfei Song et al.
Egger
Shu et al.
Benaissa et al.
Soroush et al.
Kone et al.
Jamil et al.

2021
2019
2019
2018
2017
2017
2017
2015

Y
N
Y
Y
Y
N
Y
N

ECG, EDA, SKT
ECG
ECG, EMG
ECG, EMG, GSR, RSP
Motion, environment
EEG
ECG, EMG, GSR
Gait

Smart Buda et al.
Miranda et al.
Shu et al
Jaiswal
Lee et al.
Zhang et al.

2021
2021
2020
2018
2018
2016

Y
Y
N
Y
N
Y

Step count, EMA
ECG, GSR, SKT
HR
Gait, sleep
Gait, HR
Gait

Wireless Adib
Barrett et al.
Rozanska et al.
Zhao, Adib & Katabi
Kadir et al.
Schneider et al.
Wang et al.
Weichetek Ostos et al.

2019
2019
2018
2016
2014
2014
2014
2011

N
N
Y
N
N
N
N
N

RF
Facial expression
Verbal-visual context
RF
EMF
Gait
Facial expression
Facial expression

the studies adopted non-contact measurements such as facial recognition, followed by

on-body contact devices such as chest mounted heart rate monitors (Fig. 2.3a). Other

studies focused on smart devices such as smart homes (noncontact) and smart watches

(contact). Below is a further in-depth analysis of the selected papers. Figure 2.1 shows

an overview of how the two main categories are further split up in this section.
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Figure 2.1: Categorization of Emotion Recognition Techniques

2.1.2 Mental Health and Caregiver Burden

Previously, studies have found that the older-aged people are less like to address mental

health issues (CDC, 2021; Hasin Link, 1988). Older-aged people are less likely to con-

sider depression as a mental disorder, and as such are less likely to recount depressive

episodes (Hasin & Link, 1988). Hasin et al. (1988) conducted a survey to assess whether

major depression was recognized as mental disorder among older-aged people. Their

study found that respondents did not consider major depression to be a psychological

or emotion challenge. Where a diagnosis is sought, it is not uncommon for older-aged

people to get mental health ailments such depression misdiagnosed as a general age-

related change in emotions (CDC, 2021). This is particularly concerning as older-aged

people experience stressful encounters that are also encountered by the younger gen-

eration, as well as stressors encountered later in life such as loss in capabilities and

a declining set of functional abilities (WHO, 2021). Inactivity has also shown to result

in increased depression (Zimmermann et al., 2019). Additional stressors could even

include socioeconomic status reductions due to retirement. These experiences can lead to

psychological distress or deeper mental health issues for the older aged people (WHO,
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2021). In addition, older-aged people are also more vulnerable than younger cohorts to

various sorts psychological, verbal, or physical abuse among others (WHO, 2021); which

could also result in anxiety or depression. With age there is also a growing likelihood of

being riddled with cognitive impairment diseases, such as Alzheimer’s or Dementia, face

deterioration of mental functions as well as a likelihood of changing personality traits.

This makes it difficult for family members to be at ease when older relatives and

friends live alone. Some older-aged people insist on living alone as they would like to be

independent. Despite this, there are also some older-aged people that have no preference

on their living situation, though their families may be unable to take care of them

(Grunberg, 2010). This potentially leads to caregiver burden as family members try to

determine how to best care for or how to assist the person (Hamdy et al., 2017). Caregiver

burden can be categorized as a multidimensional series of negative responses that may

occur when serving as a primary carer (Liu et al., 2020). This could potentially increase

the likelihood of depressive disorders in older-aged people.

There is generally an increasing number of older-aged people living alone worldwide

(Hsu & Chien, 2009) with the global population statistics register showing a reduced

birth rate and an increasing life expectancy (De Nardin et al., 2020). Introducing an

enhanced monitoring system that allows the older-aged people to live alone with minimal

to no caregiver burden or dependence may possibly assist in bettering the quality of life

of older aged people. A potential approach could be the implementation of a more implicit

and independent monitoring systems that use Emotion Recognition (ER) methods. With

this manuscript we aim to analyse and synthesize the most common emotion recognition

techniques being used by researchers. The analysis will focus on common methods, as

well as the feasibility and convenience of use for the study subjects, ambient settings,

and whether the study uses a multimodal ER approach. Most importantly we look at the

applicability of the respective methods with older aged people as main study subjects.
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2.1.3 Ageing and Technology

There is a lot of research using smart devices for health applications (C. Chen et al.,

2021; Domin et al., 2021; Hernandez-Cruz et al., 2019; J. Naslund et al., 2014). Studies

have shown that the older-aged people are happy and accepting of technologies that

are easy to setup and generally unobtrusive (Sas et al., 2017). This provides a sense

of autonomy and independence. Older-aged people are welcoming of technologies that

will assist them in staying physically and mentally active, and prefer technologies

that are adaptive, smart, and not designed exclusively for older aged people (Voit et

al., 2016). In Australia, technologies that have the potential to prolong independence

such as Smart Wearable Systems (SWS) are highly accepted (Chan et al., 2012). These

systems have the capacity to gather a range of sensory data that can be used to monitor

the environments surrounding older-aged. These systems could potentially assist in

various patient treatments, however challenges with signal processing, data analysis

and interpretation remain.

Steering toward age-related cognitive impairment, Koo & Vizer (2019) conducted

a systematic review on the use of mobile technology for people with dementia. Their

review provides evidence that mobile technologies can be used to partially compensate for

the reduced functionality as a result of dementia. This further highlights the potential

impact of smart devices for mental health monitoring in older aged people. Looking into

the factors surrounding positive user experiences in Assisted Ambient Living (AAL),

a qualitative study found that older-aged people and their informal support networks

would be more receptive to technologies that are implemented within their daily lives,

especially if they would allow them to maintain their current living situation (Elers et

al., 2018). To this, the remaining section looks discuss different smart technologies being

used in current research for emotion recognition. A discussion leading up to a selected

device for the AutoMAP framework will also be presented.
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2.2 Article Selection

2.2.1 Databases Searched

Relevant literature was found using databases containing peer-reviewed articles in

the fields of health, computer science, information technology, affective computing, and

mental health. Databases that were included were PubMed, JMIR, ACM Digital Library,

IEEE Explorer, Science Direct.

2.2.2 Search Criteria

Results were filtered through certain criteria to be selected for further analysis. Search

terms included the main ideas; older-aged people, geriatric, and emotion recognition.

To further narrow down on relevant papers extra keywords were added such as cog-

nitive impairment. Some keywords were added for search exclusion purposes, such as

education and speech. This was done as a large amount of search results (n = 7,352)

included education and speech evolution centred literature. Two different searches were

performed, one for general emotion recognition studies and one on emotion recognition

with geriatrics. The main search was first performed in 2020 with the following two

search strings, with an updated search in 2022. After the initial search, papers were

manually filtered to find those most relevant to this review.
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Initial search string:

emotion recognition AND !"education"AND !"speech".

Older cohort and depression centred search string:

"emotion recognition" OR "mental health" OR "depression" AND "smart *"

AND "elder*" OR "geriatric" AND "cognitive impairment" AND !"education"

AND !"speech".

Results of both strings were further filtered to publication dates within the past

10 years to capture the current state of the research. The most relevant papers were

on emotion recognition techniques such as facial recognition, gait recognition, and

physiological sensors. The AND keyword in the search string entails necessary keyword

combinations and can be replaced with parentheses where applicable or necessary, as

shown below. The OR keyword entails a keyword or set of keywords separate from those

grouped with the AND keyword, that may also match the search requirements.

Alternative structure:

("emotion recognition", "mental health", "depression"), "smart *", ("elder*",

"geriatric", "cognitive impairment"), (!"education", !"speech")

2.2.3 Information Analysis

From the initial search, articles were manually filtered by reading through the abstract

and conclusion to find papers focusing on emotion recognition techniques, the conditions

under which the studies were performed (lab-based or real-time setting), method of

user data collection (contact versus non-contact) as well as the potential applicability to
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older aged people. Duplicates were removed. We then performed an in-depth analysis of

remaining papers by removing articles that were not as relevant as initially assumed. We

then looked into the contributions, practices, limitations and challenges of the remaining

papers.

Ninety-five relevant articles were found. These articles will be further evaluated and

discussed, highlighting the strengths and limitations and how they relate to the research

questions introduced in Chapter 1. The next section provides a detailed look into current

relevant emotion recognition studies and the methods and approaches they adopted. The

literature is grouped based on similarities in objectives and methods used.

Figure 2.2: Article selection (post-preliminary filtering)
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2.3 Emotion Recognition Works

2.3.1 Contact Emotion Recognition

2.3.1.1 Multimodal Emotion Recognition

Zangeneh Souroush et al. (2017) focuses more on the use of various physiological methods

for emotion recognition, such as online versus offline recognition, on-body measurements

(EEG, ECG) as well as emotion stimulation approaches detailed in the methods for

studies reviewed in their study. The review summarises recent studies on emotion

recognition with a greater focus on EEG based studies. It also reiterated that there was

no consensus on the nature of emotions. Additionally, environmental variations led to

physiological changes that will likely affect emotions. Along the physiological sensor

route, Kone et al. (2017) detected emotions using musical therapy with three physiological

sensors for a multimodal emotion recognition approach. They used music of various

genres to trigger or alter different emotions alongside Galvanic Skin Response (GSR),

Electromyography (EMG), and ECG. The multimodal approach grouped the emotions

into three categories: neutral, joy, and pleasure; with the highest accuracy being 93%

for the Pleasure classification. The study showed an improved recognition rate using a

multimodal approach in comparison to other current emotion recognition approaches.

While the classification method demonstrated accuracy in emotion recognition, this

method still requires on-body devices to collect data and infer emotions.

Benaissa et al. (2018) states that heart rate and breathing were used in various

studies for emotion recognition as they are strong indicators of emotion. While other

emotion recognition approaches are inefficient in monitoring older-aged people, this

method is more applicable for this population. The paper notes that facial thermal

imaging is an ongoing challenge for emotion recognition; their own proposed approach

makes use of heart rate, breathing and thermography together for a more efficient
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multimodal approach focusing emotion recognition in older-aged people. In their method,

Benaissa et al. (2018) proposed positioning the sensor on the subject’s chest for activity

recognition. For emotion recognition the optimal sensor placement was on both sides of

the human chest to collect breathing data using the heart rate. They also propose using

thermography for facial thermal imaging. Their proposal suggests using a combination

of sensors for enhanced emotion recognition. The method can be imagined working as a

comfortable wearable instead of an on-body chest strap on device.

Figure 2.3: (a) On-body chest mounted sensor (b) In-house gait recognition (c) Body Atlas
of heat distribution with changing emotions

2.3.1.2 Gait Recognition

While there is a lot of facial emotion recognition methods and studies, researchers have

observed that recent studies in have shown a relationship in a person’s emotions and the

way they walk (Quiroz et al., 2018; Zhang et al., 2021). Quiroz et al. (2018) collected gait

and heart rate data to propose an enhanced emotion recognition approach, outside of a

potentially mood-altering laboratory setup. The aim of the study was to infer participant

emotions using smartwatch sensor data. To analyse the relationship between a person’s

emotional state and their gait, participants walked with a smartwatch as well as a heart

rate monitor. Participants watched audio-visual clips and listened to audio (happy/sad)
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stimuli to alter their emotions and corresponding gait. The study provided evidence that

a person’s emotions can be inferred using movement sensor data. However, the approach

required further validation in order to definitively state that movement sensor data can

be used for emotion recognition.

In an earlier study, Jamil et al. (2015) attempted to use gait analysis to detect

emotions in Autistic children. Autistic patients, like Alzheimer’s or dementia patients

are often not the focus of emotion recognition studies. The study required children to

wear bodysuits with markers on them, which was intolerable for some of the autistic

children. The children moved erratically, out of the assigned camera frame and removed

the markers from their bodysuits. While Autistic children are not the focus of the study

at hand, it relates in the target group (the older-aged people) possibly being non-verbal

or unable to determine and express their own emotions. As mentioned earlier, Grunberg

(2010) stated that children and some older aged people share characteristics in their lack

of independent capabilities. Both age groups require similar care and a relatively similar

level of dependence on caregiver. Some older-aged people can also be unpredictable with

their movements and emotional responses to stimuli (Hamdy et al., 2017). The study by

Jamil et al. (2015) added that there are earlier studies that considered gait recognition.

However, none of these have focused on children with autism. Similarly, there does not

appear to be any studies using gait-based emotion recognition with older-aged people as

test participants, to date.

2.3.2 Contactless Emotion Recognition

Body language serves as an integral element of nonverbal communication which is nor-

mally perceived before expressions (Schneider et al., 2014). More studies are focusing on

wireless methods for data collection, leading to emotion classification in an unobtrusive

manner. This is increasingly important, especially with older aged people (Sas et al.,
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2017) who are most satisfied with unobtrusive devices and least satisfied with bulky or

complicated devices (Sas et al., 2017). One of the most common approaches in the litera-

ture discussed so far is facial recognition. There is, however, a growing interest toward

using non-contact methods to collect emotion recognition data, for example, thermal

imaging or electromagnetic radio waves (Adib, 2019). As mentioned earlier, Adib (2019)

used wireless Radio Frequencies (RF) to detect human activity through walls, as well as

infer user emotions. Fig. 2.3b shows sample images of how non-contact gait patterns are

tracked. Further discussed are studies focusing on non-contact emotion recognition.

2.3.2.1 Facial Recognition

As a potential improvement, Rozanska et al. (2018) proposed an embedded system that

implemented various emotion recognition methods in an Internet of Things (IoT) device

for remote emotion detection. Their proposed system consisted of a robot device with

a computer vision camera. When a person or multiple people approach the robot, it

would detect and infer their emotions. As the system is meant to be an IoT setup, it

also uses sound, video, and speech-to-text analysis and recognition, including the choice

of words and tone. They used body language and mimic expressions to infer emotions

and found that some positive emotions, such as happiness, are detectable at a longer

distance. Negative emotions, such as sadness, require a shorter distance for accurate

detection. Anger was better detected through body posture as opposed to facial mimicry

features. While the system is accurate, it requires between 14 to 20 seconds for emotion

recognition and classification.

2.3.2.2 Thermal Infrared/Electromagnetic Field

Some researchers are focusing on studying thermal infrared images for emotion recog-

nition. Leber (2014) mapped heat distributions in the human body based on people’s

emotions. Based on heat distributions, anger is felt more in a person’s head, while posi-
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tive emotions like happiness or love are spread throughout the body (Nummenmaa et

al., 2014). Negative emotions like depression and sadness on the show a deactivation

of sensations in comparison to other less negative emotions. The article was based on

an earlier study by Finnish researchers on the ’Body Atlas’, which demonstrates how

different emotions are manifest in the body. Fig. 2.3c shows the aforementioned ’Body

Atlas’. The study proposes the use of the Bolztmann machine for emotion recognition

using thermal infrared facial images. Their method outperformed other approaches using

temperature statistic features or handcrafted features. Kadir et al. (2014) noted that the

human electromagnetic field (EMF) changes with varying activities and health. Their

study used EMF readings to distinguish left hemisphere stroke patients and found that

left hemisphere stroke patients have lower frequencies on the left side in comparison

to the right side. Kadir et al. (2014) also showed that both left and right hemisphere

stroke patients have significantly lower electromagnetic radiations (EMR) in comparison

to non-stroke patients. Similarly, Ahmad et al. (Ahmad et al., 2020) collected electro-

magnetic radiation and aura analysis to determine physical and psychological fitness

in people with and without Down syndrome. Zhao et al. (2018) exploited the positive

aspects of audio-visual and physiological sensor-based approaches and proposed a new

method to achieve viable outcomes in emotion recognition, without the limitations of on

body or audio-visual sensors. To do this, they use Radio Frequency (RF) signal reflections

off the human body to infer their body movements and emotions. Their new algorithm

extracted heartbeat data from wireless signals which were then provided to a machine

learning emotion classifier, leading to emotion recognition. The study also notes that

while smartphones are also used for emotion classification; they require a lengthy time

frame to personalize the analyses. The algorithm proposed in their study operates on

minute-scale intervals for emotion recognition (Zhao et al., 2018). This study is seemingly

the first to exploit RF signals from body reflections and infer user emotions. It is one to
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follow closely as the objective is close to, if not almost the same as that of the approach

being introduced in the current study.

2.4 Discussion

While other studies have pre-set classification models that may apply for younger sub-

jects, they may be inefficient for older-aged people. This is because older-aged people,

especially those with cognitive impairments tend to be more unpredictable in their

behaviors than younger people (Hamdy et al., 2017), which could result in outliers for

current trained classification models. These "unpredictable" behaviors however can be

anticipated, avoided and defused (Hamdy, 2017). Ideally, classfication models trained

on this data should aim to take these movements into account and provide persoanlized

outputs as opposed to a ’one-size-fits-all’ approach. It could be plausible that with age, it

becomes more difficult to express their own emotions. Hence, researchers need to further

analyse physiological changes to study and classify emotions, while keeping accounting

for the likely artefacts that could obstruct data collection. Many of the studies discussed

above have introduced new approaches, multimodal approaches or enhanced versions of

previous approaches for emotion recognition. Having said that, there are still a few issues

that have yet to be considered. One such issue is that older-aged people are often not

tech friendly as opposed to the younger people that can adapt much quicker (Vaportzis et

al., 2017).

2.4.1 Contact Emotion Recognition

While there are currently various emotion recognition studies, they come with certain

limitations. A physiological sensor such as an ECG monitor can inadvertently alter

a person’s mood by hindering everyday activities and becoming frustrating as a body

attachment. Quiroz et al. (2018) also similarly stated that emotions are not necessarily a
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conscious function and are a reaction to surrounding stimuli or ambience. Laboratory

based setup ups with large on-body sensors such as EEG devices or chest straps, can

serve as obstructive devices inadvertently leading to unwanted mood alterations. Further,

lab-based setups rely heavily on the stimuli provided to trigger or provoke specific

emotions (Shu et al., 2020). Research (Drew, 2018; Nature, 2019) has also highlighted

that while emotions are shown in various ways such as voice, body language, gait or face,

strict laboratory-based setups may obstruct the validity of the collected data. Shu et al.

(2020) reiterated the requirement for more work toward creating more natural, realistic

ambience for data collection in order to create accurate genuine emotions.

The second issue was subjective responses to external stimuli and general emotion

production. Different people have different emotional responses to different scenarios and

stimuli, due to which there is yet to be a fully tried and tested approach for emotion state

inference through physiological signals. Additionally, there were different physiological

responses with varying intensities of emotion stimulation (Schneider et al., 2014). This

serves as an obstacle along the way of individualised, real-time applications of physiolog-

ical methods for emotion recognition. An additional issue is the small population sizes

for test groups each study, resulting in small data sets. Hence, there is a need for larger

scale studies for physiological sensor-based emotion recognition.

2.4.2 Non-contact Emotion Recognition

People express anger, disgust, fear, happiness, sadness, and surprise differently across

cultures, situations, and even between people in a single situation. More so, a set

classification for a scowl may not detect what a person is actually feeling, it is plausible

that it may communicate something other than the detected emotions. Considering that

facial movements demonstrate many emotions, there is a need for more studies that focus

on examining how facial movements actually vary alongside other social inputs that
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lead to a conclusive foundation on how humans perceive emotions (Wang et al., 2014). In

the case of voice or speech recognition, we must consider the increased likelihood that

older-aged people may be non-verbal due to age related conditions such as stroke. While

facial recognition can gather data to infer emotions wirelessly, it requires the person to be

within a set camera frame. Older aged people, especially those with cognitive impairment

such as Alzheimer’s or Dementia, are often unpredictable and atypical in their behaviors

(Hamdy et al., 2017), which could be another obstacle using a facial recognition approach.

This also includes explicit user interaction with the emotion recognition method or system.

Aside from requiring explicit user input or interaction, facial recognition depends entirely

on outward expression. Expressions contribute approximately 55% to the effect of the

message being conveyed, with vocal tone contributing 38% and vocal cues contributing

7%.

Based on this, they performed experiments focusing on facial emotion recognition

using images. The method improved the AAL experience for the older-aged people.

However, the proposed method still requires further enhancement for to increase accuracy

as well as take video inputs instead of images. Some researchers (Rozanska et al.,

2018) stated that while facial recognition is of particular importance in non-verbal

communication, it is a mistake to focus solely on facial emotion recognition. Shu et al.

(2020) stated that physical signals such as facial expressions or speech are not heavily

reliable as it is fairly easy for people to control their outward physical expressions.

This can be demonstrated when a person smiles while being in a negative emotional

state. However, facial thermal imaging (Benaissa et al., 2018; Wang et al., 2014) is still

being used frequently in current emotion recognition studies. Temperature statistical

are adopted and features extracted from facial regions of interest. Using visual inputs,

another study demonstrated that using gait recognition for human identification (Fig.

2.3b) and created an in-house gait recognition database (Christie, n.d.). While their study
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does not focus on emotion recognition using gait, it shows the potential of using gait

recognition through non-contact means.

The majority of emotion recognition studies focus of facial emotion recognition in

younger people with only a few focusing on the older-aged people (Benaissa et al., 2018;

Kasteren et al., 2017; Park et al., 2017; Yaddaden et al., 2016). These studies discussed

that while smart homes are intended to aid older-aged people with their daily needs, the

technologies involved are unfamiliar to older-aged people, who are often uncomfortable

with the implementation of these devices. In order to bridge this gap, robots are proposed

to act as the intermediary between the sensors/devices and the older-aged people, though

introducing robots may result in a larger technology barrier. For this to be effective, the

robot needs to be at the same level of communication and understanding as the user. In

an attempt to improve this method of the AAL smart home experience, the study a used

facial emotion recognition and found that facial expressions are an unreliable mode of

emotion recognition. One reason for this is a phenomenon called ’facial mimicry’ shows

that when watching movie clips, or given a stimulus to alter emotions, expression of

the same emotion will appear on the persons face. While this shows empathy, it does

not facilitate emotion recognition in people in the absence of external stimuli. Similarly,

outward expressions can be falsified easily or not reflect what a person is actually feeling

(Barrett et al., 2019; Shu et al., 2020). Studies show that facial recognition is still the

most studied emotion recognition approach among the literature discussed so far. Other

approaches, as mentioned earlier, rely on audio-visual or physiological data collected

through cameras, on body sensors or wearable devices.

There is an clear gap in implicit emotion recognition, as well as emotion recogni-

tion approaches being implemented or tested with the older-aged people as the target

population.
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2.5 The AutoMAP Conceptual Framework

Based on the literature review, we decided to investigate wearable devices such as smart-

watches, as these are relatively unobtrusive compared to other common data collection

methods. Physiological inputs such as gait patterns, sleep patterns and heart rate are

closely affected by shifting emotions. This combination of inputs through unobtrusive

data collection can be paired with machine learning to classify and detect depressive

tendencies in the user. The AutoMAP conceptual framework (Fig. 2.4) shows the proposed

stages leading up to an improved ER approach focusing on older-aged people.

Figure 2.4: The AutoMAP framework
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2.5.1 User Input

As a major focus of the current study is minimal user interaction, data needs to be

collected easily. From the review on recent emotion recognition studies, wearable devices

are the most unobtrusive of all other approaches such as on-body chest monitors or EEG

headsets. In the case of facial recognition, users need to be within the cameras frame of

focus and speech recognition requires explicit user interaction. Based on this, we have

decided to use wearable smartwatches to collect physiological data that is most commonly

altered with shifting emotions, i.e. walking, sleep and heart rate (J. A. Naslund et al.,

2016; Zhang et al., 2016; Quiroz et al., 2018). It is expected that this combination of

physiological factors appears will be able to classify emotions accurately and precisely as

opposed to individual factors on their own.

2.5.2 Machine Learning

This component of the proposed framework serves as the ’brains’ of the monitoring system

which will process and classify the depressive tendencies of the user. The data collected

from the smartwatch will be used to determine the ideal combination of factors for the

highest accuracy of depressive tendency classification, e.g., gait + sleep, gait + heart rate,

heart rate + sleep, gait + heart rate + sleep. Collected data will be pre-processed and then

used to train a classification or regression model to classify or score a person’s mental

health level. Following this, the performance accuracy in the final validation stage will

be performed.

2.5.3 Emotion Reporting

For reporting, a mobile app will be used to provide updates or notify caregivers of the

user’s mental health status, depression, or depressive tendencies. In the future, this

may be provided to caregivers, staff, or family members. The app will mainly focus on
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reporting the user’s depression levels, however since the user’s physiological data will

also be stored, it is likely the app will include changes in heart rate, sleep patterns as

well as gait information. To avoid subconscious emotion alteration, it is advisable to

avoid providing real-time emotion updates to the user themselves.

2.6 Conclusion

As analysed by the review, some of the more common approaches being taken currently in-

clude Electroencephalography, Facial Recognition, Speech Recognition, Voice Recognition,

Heart Rate Variability, Electro Dermal Activity or Galvanic Skin Response, Respiration,

Skin Temperature, and Electromyography. While the study highlighted various methods

being used for emotion recognition, it was also stated that different approaches could

be more suitable for certain studies based on application area. Some methods perform

better with the use of stand-alone sensors, while others are more efficient and accurate

with a combination of sensors and collected data. Data gathered by physiological sensors

contains noise that can be moderated or completely eliminated in a lab-based setup

resulting in a reduction in performance accuracy outside of a lab-based setup. Most real-

world means of gathering emotion data using smart wearables, such as smartwatches,

collect data over a long time period; while most studies on using smartwatches , focus

on shorter time periods like minutes or seconds. This shows that there is still a gap in

emotion data collected over a long time period and real-world emotion recognition. In

comparison, routine-based approaches lead to easier, more intuitive, and transparent

data collection and interpretation (Kasteren et al., 2017). Additionally, most studies to

date have had very few test subjects, where classifier performance is relatively poor than

if a larger sample size was used.

Many of the more common ER methods focus on outward expression, such as facial

recognition, speech recognition or hybrid audio-video recognition (De Silva et al., 1997).
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We must consider that a person who is happy might not be smiling, and a person who is

sad might not be frowning, and could even be smiling. To address this gap, there needs

to be further focus toward a potential solution that could analyse and perceive human

emotions with implicit, i.e., minimal user input or interaction. The implications of age

based cognitive impairment, as well as additional stressors like the inability to verbally

express emotion or being bedridden, need to be accounted for.

Moving forward with the conceptual framework, we will be investigating its uses

with a combination of physiological factors that are most affected by age related cogni-

tive decline to detect and recognize user emotions, particularly negative emotions like

depression. The aim is to use minimally intrusive means of data gathering from the user.

With this approach, the goal is to propose a more autonomous emotion recognition-based

monitoring system for older-aged people. Further, the aim of this research is to con-

duct feasibility and performance evaluations for the User Input and Machine Learning

components of the framework.

The next chapter details the methods and materials that will be incorporated within

this research.
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MATERIALS AND METHODS

T
his chapter offers detail into the various components that were encompassed

in the study design. Each section details the methods and materials involved

in data procurement and analysis. These components come together to de-

velop and validate the AutoMAP framework. This chapter also links how each design

component addresses respective research objectives proposed in Chapter 1.

The AutoMAP framework in this research consists of three main components that

correspond to the research objectives, namely (1) User Input (RQ1), (2) Machine Learning

(RQ2), and (3) Emotion Reporting (RQ2 and RQ3). This research involves a single

experiment, with multiple phases of analyses in a mixed design approach. This study

was approved by the Human Research Ethics Committee (HREC) of University of

Technology Sydney (HREC reference ETH20-4912).
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3.1 Introduction

In 2021, 929 million people use smart wearables and 31 million use Fitbit devices,

worldwide. While there is growing research on using smart wearables to benefit physical

health, more research is required on the application and feasibility of using these devices

for mental health and wellbeing. In studies focusing on emotion recognition, inference is

often dependent on external cues, which may not always be representative of genuine

inner emotion.

Cost effective smart wearables are increasingly used in the daily lives of the general

population (WHO, 2017). As of 2021, there are 929 million smart wearable users around

the world (Laricchia, 2019). Of these, approximately 31 million are Fitbit users (Curry,

2020). Consequently, there is a growing number of studies that are incorporating smart

wearables, particularly Fitbit devices in health research (Bai et al., 2021; Chum et al.,

2017; Ringeval et al., 2020). A recent scoping review investigated the effectiveness and

efficiency of mobile health procedures for physical health (Domin et al., 2021). Over

a 10-year period, including 148 studies, there was no ’one-size-fits-all’ procedure for

physical health. However, the authors found that mobile health interventions do exhibit

promising effects for behavioral change. A similar review (Ridgers et al., 2016) found

the need for more research on the effectiveness and feasibility of smart wearables for

changing/assessing physical health. Incorporating Fitbit as the focal wearable device,

Ringeval (2020) assessed the effectiveness of using Fitbit devices in interventions to

promote and encourage healthier lifestyle outcomes. Evaluating 41 studies (Ringeval

et al., 2020), it was concluded that Fitbit devices have the potential to improve lifestyle

habits among users. Significant increases in daily step count, physical activity, and

weight reduction were identified (Ringeval et al., 2020). A further review (Soon et al.,

2020) investigated various studies to determine the applicability of wearable devices for

outpatient vital sign monitoring. While concluding more clinical trials are required to
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investigate their validity and reliability, they found that early detection of physiological

deterioration via wearable devices likely has a positive influence on patient outcomes.

The studies assessed included on-body, potentially obtrusive sensors, such as heart rate

monitors, patches, and arm bands. These sensors are effective in monitoring user vital

signs, though they may not be feasible for prolonged use in everyday living.

The aforementioned reviews strengthen the idea that wearable devices elicit positive

physical activity changes, however few studies have investigated how a person’s mental

health can benefit from the use of smart wearables (Chum, 2017; Luxton et al., n.d;

Naslund et al., 2014). In addition, most of these studies used younger study participants,

with older aged people (65+ years) excluded. User requirement studies and scoping

reviews have been conducted around older aged people (Koo Vizer, 2019; Elers et al.,

2018, C. Chen et al., 2021), albeit it was highlighted that many factors are still not

taken into account such as cost, usability barriers, security, privacy (Elers et al., 2018).

In the case of patients with dementia, factors such as agency and self-esteem are not

taken into account (Koo Vizer, 2019). As of 2021, there are 264 million people of all

ages worldwide suffering from depression (Hartmann et al., 2019). While the majority of

older aged people are not depressed, studies have shown that older aged people are at a

higher risk (WHO, 2017). Eighty percent of older aged people have at least one chronic

illness, which can contribute to mental illness (CDC, 2021; NIA, 2017). Thirty percent

of older aged people in residential care are at an increased risk of depression (Beyond

Blue, n.d.). Mental illness in older aged people is commonly viewed as an inevitable

reaction to or as a byproduct of changes in socioeconomic standing (WHO, 2017) or age

discrimination (Han Richardson, 2015) and as such, tends to be perceived as untreatable

(CDC, 2021). Older aged people are also more likely to be concerned about the stigma of

seeking treatment (Ridgers et al., 2016). Consequently, older aged people do not seek

help when they feel depressed (CDC, 2021).
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3.2 Experiment Design

This observational cohort study took place in zero-contact settings to accommodate

COVID-19. We used smartwatches to collect user gait, sleep and heart data to derive

their emotional state. Twelve participants consented and were sent participant packs

which included a (1) Fitbit Alta HR device (Fig. 3.1), (2) participation confirmation, (3)

distress management resource list, (4) simplified Fitbit user guide and (5) summarized

task checklist. Participant pack documents can be viewed in Appendix A. Participants

were asked to wear the Fitbit smartwatch over a 4-week period. Alongside this, they

were required to fill out a daily questionnaire consisting of (1) a self-report mood rating

Likert scale, (2) open questions on activity and food preferences to reduce response bias

by diverting attention away from depressive symptoms, and (3) an optional section to

add details of any out of the ordinary events in the preceding 24-hour period to account

for any outliers in the collected raw data.

Figure 3.1: Chosen study device (Fitbit Alta HR)

Participants were also asked to fill out the Geriatric Depression Scale (GDS) (Green-
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berg, n.d.; Sheikh & Yesavage, 1986) once per week, as it was intended when initially

designed and validated. The GDS was chosen as it is a global measure depression

catering to older aged people and is also used by clinicians to provide insight on the

participants’ current emotional state. This is not a diagnostic tool; instead, it is intended

to provide an overview of where the person falls within a range of depressive tendency

scores. Figure 3.2 illustrates an overview of the study design.

Figure 3.2: Intervention study design

3.3 Primary Objectives and Hypotheses

This study consists of multiple objectives and hypotheses, which are detailed in Chapter

1. In this section, the primary objectives and hypotheses are laid out to highlight the

essential focus of this study.

Objective 1 - Identify the usability of the smart wearables in older aged study partici-
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pants.

Hypothesis 1 - Users will not experience inconvenience in using the smart wearable in

a routine-based approach (Kasteren et al., 2017), and as such will be able to incorporate

it in their daily lives with ease.

Objective 2 - Assess the correlations between physiological activity data and depressive

tendencies.

Hypothesis 2 - Participants with higher depressive tendencies (GDS scores) will exhibit

differing physiological patterns than those will lower to no tendencies.

Objective 3 - Determine whether physiological data can infer depressive tendencies in

a user

Hypothesis 3 - Heart rate, sleep and step counts combined will be indicative of depres-

sive tendencies in a user, and effectively can be used to train a predictive model.

3.4 Participants

3.4.1 Screening

A call for expressions of interest (EOI) for participation in this study was circulated

through emails and word of mouth through an internal database of older aged people

interested in participation in research around healthy aging. Sixteen EOIs were received,

and details were screened further for selection. Participants that were unable to provide

written consent or were not contactable following their initial EOI were excluded from

the study. Due to the small sample size, 2 participants aged 64 were also included,

however they did not return for the post-study interviews. Their device data and pre-

study interview data were excluded from all analysis stages of the study.
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Figure 3.3: Participant recruitment and intervention workflow

3.4.2 Recruitment and Onboarding

English speaking people over 65 years old were eligible for preliminary inclusion in the

study (Fig. 3.3). The inclusion criteria for the study included (1) being over the age of 65,

(2) being willing to wear the Fitbit throughout the 4-week period, (3) living independently

with no external assistance, (4) being able to give informed consent, and (5) having access
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to a computer, mobile phone and internet.

Independent living older aged people were chosen for this study as this is our target

cohort for the envisioned autonomous mental health monitoring implementation of the

AutoMAP framework. A summary of all inclusion and exclusion criteria is shown in

Table 3.1. At this preliminary stage we explicitly excluded participants with pre-existing

mental health issues, as we are in the exploratory stage of this research. Refer to Section

3.6.2 for further detail on the mental health state screening protocol.

After screening the initial expressions of interest (Fig. 3.3), participants were provided

with an information sheet detailing the inclusion criterion and requirements during

the 4-week period. Twelve participants were sent a participant pack that included (1) a

Fitbit Alta HR device, (2) participation confirmation and information sheet, (3) distress

management resource list, (4) simplified Fitbit user guide and (5) summarized task

checklist. Using G*Power, sample size was calculated prior to the study with an expected

p-value of 0.05. The critical F-value showed that a minimum sample size of 8 people

would be sufficient. This sample size is required for future analysis on the collected

smartwatch data and its use in training an initial test classifier for emotion recognition.

3.4.3 Participant Protocols

Participants were provided with a list of resources (Appendix A.8) available to them in

case of any emotional distress during the study period. While the introductory interviews

were basic questions about the everyday lives of the participants, we set protocols to

terminate the interview session and stop participation if a participant got distressed at

any point, especially during baseline GDS entries. Refer to the Interviews section for

more details on the GDS.
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Table 3.1: Inclusion and exclusion criteria

Inclusion Criteria Exclusion Criteria

Be above the age of 65. Have pre-existing conditions affecting their
sleep, walk or heart readings.

Be willing to wear the Fitbit
throughout the 4-week period.

Have travel plans within the duration of the
4-week period.

Be living on their own. Are unable to walk.

Be able to give informed consent
to participate in the study.

Foresee out of the ordinary plans within the
duration of the 4-week period.

Have a computer, mobile phone,
and internet access.

Are unable to access online surveys as per
the time requirement.

Live alone and do not require ex-
ternal assistance.

Have a history of skin rashes around their
wrist area.

Have a nickel allergy that may cause a reac-
tion to the smartwatch charging probe.

3.4.4 Researcher Interventions

Researchers in the study could advise the participants to seek assistance from a provided

resource list or medical professionals. Participants were provided with point of contact

information for the research team.

3.4.5 COVID-19 Protocols

This study took place in zero-contact settings to accommodate for COVID-19 protocols.

Participant document packs and devices were sent via post and all interviews were held

via phone.
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3.5 Data Collection

3.5.1 Materials

Data collection was performed using a) a Fitbit Alta HR, b) the GDS questionnaire, and

c) a 0 -10 self-report mood Likert scale. Participants were provided with onboarding

packs upon confirmation of study participation. Along with the Fitbit Alta HR device,

these onboarding packs included a (1) participant information sheet (PIS), (2) consent

form (CF), and (3) reminder checklist.

This research project incorporates self-report mood Likert scale responses, geriatric

depression scale (GDS) scores, step count, sleep patterns, and heart rate data from a

smart wearable device for the quantitative portion of the study. The qualitative portion

of this study consists of pre-post intervention impact and feasibility interviews conducted

with participants directly before and after the study period.

Data extracted from the Fitbit device will be used to determine (a) whether partic-

ipants found the device convenient and unobtrusive, and (b) the correlations between

physiological data and depressive tendencies in a user. Data labelling and model training

will be detailed further in Chapters 5 and 6.

To determine the feasibility and applicability of the Fitbit Alta HR for the User Input

component of the AutoMAP framework, participants will be interviewed pre- and post-

intervention. These semi-structured interviews will undergo thematic analysis, which

will be detailed and discussed further in Chapter 4. Post-intervention interviews will

also aim to gather feedback for the Emotion Reporting component of the framework.

3.5.2 Wearable Device

For this study, all participants were provided a smartwatch. Based on literature(Drew,

2018), we chose the Fitbit Alta HR smartwatch for our study due to its cost effectiveness
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for the eventual end user, as well as ease of setup and usage. Studies have shown

fair performance accuracy for similar Fitbit devices (Fitbit Charge 2), with a heart

rate estimation error of 14% (Bai et al., 2021). A review of Fitbit centred sleep studies

additionally showed sensitivity values of 0.95-0.96 and specificity values of 0.58-0.69

for detecting sleep stages (Cook et al., 2017). Participants were required to wear the

device at all times during the 4-week period with the exception of showering. As the

study required sleep data, the participants were asked to wear the device when sleeping.

To ensure minimal loss of data, we advised the participants to leave the Fitbit to charge

before they showered (approx. 30 minutes). However, as the study aimed to mitigate

any inconvenience and work in a routine-based approach, participants were not strictly

required to abide by set charging times.

3.6 Outcome Measures

3.6.1 Physiological Measures

Using Fitbit and custom Application Programming Interfaces (APIs), optical heart

rate sensor data (heart rate zone minutes), heart rate sensor and motion sensor data

(sleep zone minutes), and pedometer data (step count) will be extracted for a series of

quantitative analyses. Preliminary, exploratory analyses will be conducted for correlation

observations. User data will be labelled with their calculated GDS scores to train and

evaluate the predictive machine learning model. Findings will be used to determine

subsequent directions for predictive modelling, which will effectively align with the

second and third research questions.
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3.6.2 Questionnaires

During the introductory briefing, participants completed the GDS questionnaire (Green-

berg, n.d.; Sheikh & Yesavage, 1986) which acted as baseline measurements. The GDS

consists of 15 yes/no questions with a single point score for each response indicative

of depression. Any participants scoring >10 would be advised consult a GP prior to

participating in the study. Higher scoring participants were not excluded immediately,

as the GDS is not a diagnostic tool for measuring depression.

3.7 Data Extraction

This research follows a mixed-design approach, implementing both, qualitative and

quantitative analyses. Data collection for this study required a single experiment and

was conducted over a 4-week period. Participants were interviewed pre- and post- study

through semi-structured interviews. The first set of interviews were conducted upon

starting the 4-week study, with the second set of interviews being held upon study

completion. These interviews were intended to gain feedback on the applicability, ac-

ceptability, and feasibility of the user input and emotion reporting components in the

AutoMAP framework. Both sets of interviews were transcribed verbatim by the primary

investigator.

Participant GDS responses and self-reported mood Likert ratings were extracted

as individual logs for each participant. Data were de-identified upon initial extraction.

For this, participants were provided with participant IDs that were also used to create

participant Fitbit accounts for the duration of the study. Interview data were also

categorized by participant ID. Raw Fitbit data was extracted using custom APIs as well

as readymade Fitbit APIs. Raw Fitbit data logs were also extracted for each individual

participant. Heart rate minutes (H1 - Out of Range/Resting, H2 - Cardio, H3 - Peak, and
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H4 - Fat Burn), sleep zone minutes (S1 - Deep, S2 - Light, S3 - REM, and S4 - Awake),

sleep score, restlessness and daily step counts were extracted as daily summaries, in

alignment with GDS and self-reported mood ratings. Preliminary data cleaning was

performed to remove duplicate GDS and mood ratings, i.e., if a participant responded

twice in the same day, the initial reading would be used. Following any necessary

transposition and data exclusions, data were merged. Individual Fitbit measures, GDS

scores and self-report mood ratings were collated into a large single dataset, with

deidentified participant data. This dataset will be used for model training and evaluation.

Interview data will be used to validate the feasibility of the AutoMAP framework.

3.8 Discussion

This research follows a mixed-design approach. Data collected during the 4-week study

period is intended to provide insight on the feasibility and predictive performance of

the components in the AutoMAP framework. As these were semi-structured interviews,

emerging themes were then used to determine further directions to take during the

analysis. To investigate the applications of Fitbit data in predicting depressive tendencies

in a user, the combined dataset was analysed through a preliminary exploratory analysis.

The aim was to assess for strong correlations between physiological data and GDS scores.

More detailed information and stages of both analyses will be detailed in Chapters 4,

5 and 6. Figure 3.4 maps out a summary of the analyses and their respective stages

leading up to aimed primary outcomes.
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Figure 3.4: Mixed design data analysis stages and workflow.

3.9 Conclusion

This section presented the methods and materials used in this research. In line with the

primary objectives of this research, these methods will allow for the validation of the

AutoMAP framework. Individual components in the framework are assessed and evalu-
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ated for their feasibility, usability, and applicability within the overall framework. The

remainder of this thesis provides more detailed insights into the experiment, analyses,

and findings relating to the objectives of this research.

The next chapter dives into the qualitative aspects of this research, that is, the

evaluation of using smart wearbles for data collection, as well as the potential impact

of the AutoMAP framework as a whole. Chapter 5 subsequently presents a descriptive

overview of the physiological device data, with Chapter 6 focusing on model development

and evaluation.
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FEASIBILITY OF USING WEARABLE DEVICES AS MEANS

TO MONITOR OLDER PEOPLE IN AN UNOBTRUSIVE

MANNER

T
his chapter presents the outcomes of a feasibility evaluation, to determine

whether the AutoMAP framework is usable, convenient and and potentially

implementable in older aged people. Findings from this analysis stage will

validate the feasibility and applicability of the framework.

4.1 Introduction

Treatment of mental health conditions can benefit from the use of smart wearables,

particularly Fitbit-like devices. A recent study investigated the feasibility of mobile

health technologies to increase physical activity among users with severe mental illness

(Soon et al., 2020). Feasibility was evaluated through frequency of use and acceptability

through follow-up interviews with study participants. Participants reported high satisfac-
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tion levels, and increased motivation through goal setting and self-monitoring. Another

qualitative study similarly integrated Fitbit devices with behavioral activation therapy

(Segal et al., 2005). Findings showed positive self-awareness, peer-based and self-goal

setting motivation, while negative feedback consisted of inconvenience, disinterest, and

inaccuracy. Furthermore, a 12-week randomized trial incorporated a non-Fitbit device

(tablet) and telephone counselling to increase physical activity (Vaportzis et al., 2017).

The intervention was feasible and accepted by the participants, and resulted in weight

loss and increased physical activity time in older aged people. Focusing on mental health,

a study assessed sleep quality among users with major depressive disorders (MDD)

using Fitbit Flex devices (Cook et al., 2017). The study aimed to compare research grade

Actiwatch-2 versus Fitbit Flex wearables to evaluate sleep quality. They reported that

the Fitbit Flex overestimated sleep time and had higher inaccuracies in comparison to

the Actiwatch-2.

Factors such as heart rate and gait patterns can be indicative of depression (No

Isolation, 2018; Pollreisz & TaheriNejad, 2017). Additionally, research has validated the

use of smart wearables for emotion recognition (Drew, 2018; J. A. Naslund et al., 2016;

Quiroz et al., 2018; Zhang et al., 2016). These studies utilized user data extracted through

wearable smartwatches or bracelets, paired with external emotion eliciting stimuli to

evaluate the reliability and accuracy of their approaches for emotion recognition. In

lab-based settings with short timeframes of less than a few hours, three studies provided

participants with stimuli to elicit happy/neutral/sad emotions (J. A. Naslund et al.,

2016; Quiroz et al., 2018; Zhang et al., 2016). Stimuli included video and music clips

of happy/neutral/sad settings and post stimuli activities included walking with a chest-

mounted heart rate monitor (Quiroz et al., 2018). Time series analysis and statistical

modelling were used for emotion prediction, with results showing a higher accuracy (74%)

when detecting happy emotions as opposed to sad emotions. An earlier study required
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participants to walk for one minute after receiving a visual stimulus, to observe walking

behaviors corresponding to the elicited emotion (Zhang et al., 2016). The algorithm

had an overall recognition accuracy of 81.2%. Adopting a different approach for emotion

elicitation, one study consisted of participants taking a short break to reduce interference

with the previous stimulus set (J. A. Naslund et al., 2016). Using electrodermal activity,

skin temperature, heart rate and a Self-Assessment Manikin form, researchers (Pollreisz

& TaheriNejad, 2017) developed an algorithm based on EDA signals. The algorithm

achieved an accuracy of 57% for emotion tagging. These studies show that gait patterns

can reflect emotions and smart wearables can be used to recognize user emotions.

Mobile sensing is increasingly being used for the detection of emotion states in

users (Gu et al., 2017; Lyons et al., 2017; J. A. Naslund et al., 2016; Quiroz et al.,

2018; Soon et al., 2020). Such studies often use single variables or are performed under

controlled environments. This reduces the efficiency and applicability in the real-world,

as the surrounding stimuli and setting may alter the accuracy and performance of lab-

based outputs. One such study using passive smartphone data and baseline depressive

symptoms was performed to test the accuracy and effectiveness in predicting daily user

moods. They noted that passive smartphone data alone is unsuitable for daily mood

prediction, due to subjective phone usage patterns and daily mood reports (Pratap et al.,

2019). However, Rodriguez et al. (Servia-Rodriguez et al., 2017) highlighted that passive

sensing data has a 70% accuracy in predicting user moods for behaviour tracking and

potentially interventions. Looking into the accuracies of using smart devices for user

data collection, a comparison of consumer-grade smart wearables was performed (Bai

et al., 2021). The Fitbit Charge 2, Fitbit Alta, and the Apple Watch 2 were assessed

for heart rate, step counts and moderate-to-vigorous activity minutes (MVPA). This

analysis found that the Fitbit Alta outperformed other devices for step counts, while

coming second to the Fitbit Charge for MVPA. All monitors performed fairly well overall,
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particularly for step count accuracy.

Sultana et al. (2020) noted that current assessments of emotional states rely heavily

on self-reports. To this, they conducted an exploratory study on the feasibility of lever-

aging machine learning algorithms with smartphone and smartwatch sensor data to

detect emotional states and transitions in users. The study found a promising association

between everyday movements and a person’s emotional state. Further, a study was

conducted to monitor changes in severity of depression in patients through wearable and

mobile sensors (Pedrelli et al., 2020). The study found that physiological data from mobile

and wearable sensors were feasible and may produce fair estimates of changes in depres-

sive symptom severities in users. A similar study by Rykov et al. (2021) used biomarkers

such as steps, energy expenditure, sleep, and steps to determine the risk of depression in

users. The study contended that digital biomarkers based on behavioral and physiological

data from smartwearables can be beneficial in depression screening. Rykov et al. (2021)

further highlighted the need for further investigation into the predictive capabilities

of this data. This strengthens the need for more real-world settings in user centred

studies. Many emotion recognition studies (Benaissa et al., 2018; Quiroz et al., 2018;

Sivapalan, 2014; Zhang et al., 2016) are performed under lab-based or controlled settings

with explicit stimuli administered for emotion elicitation. Saeb et al. (2015) determined

the effectiveness of short-term contextual sensor data and found a strong relationship

between features extracted from a number of sensors and user reported emotion states

over a two-week timeframe. They highlighted that long-term sensor measurements are

more suitable for depression evaluation, as opposed to short-term data or momentary

mental state ratings.

In Chapter 2, we proposed autonomous mental health monitoring for older aged

people (AutoMAP); an emotion recognition framework using minimal to no explicit user

input or interaction (Fig. 3). This prototype would operate via smartwatch device data
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and physiological user inputs. In this paper, we focus on validating the feasibility and

acceptability of the AutoMAP framework. Therefore, this paper presents the findings of a

feasibility study. The efficacy and accuracy of the emotion recognition techniques in this

framework are beyond the scope of this paper. The next section describes the methods

we applied for study setup, procedure, and data analysis. We then present our results,

followed by a discussion on our findings.

4.2 Methods

As explained in Chapter 3, our study aims to acquire insight on the feasibility and

applicability of AutoMAP for older adults. Participants wore a Fitbit smartwatch for a

4-week period, completed a validated depressive scoring survey weekly, and self-report

their mood daily.

To identify the feasibility, applicability, and practicality of our framework, we per-

formed a hybrid inductive/deductive thematic analysis on pre-post procedure semi-

structured interviews with participants. The study protocol is publicly accessible under

Open Science Frameworks (Mughal, Raffe, Stubbs, & Garcia, 2021).

4.3 Data Acquisition and Analysis

4.3.1 Questionnaires

Participants completed a daily questionnaire consisting of (1) a self-report mood rating

Likert scale, (2) open questions on activity and food preferences (diversion questions

away from depressive symptoms), and (3) an optional section to add details of any out of

the ordinary events in the preceding 24-hour period. For the mood scale, participants

were asked ’How would you rate your mood in the past 24 hours’, rated on a scale from
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1-10 once per day - with 1 being the lowest mood and 10 being the best mood. Meanwhile,

diversion questions, such as ’What do you feel like eating?’ and ’What do you feel like

doing?’ were added to the daily mood reported questionnaire to reduce response bias.

The daily questionnaire was intended to be performed consistently at the same time

every day and at a time of the participants own choosing. Participants were also asked

to report any out of the ordinary events during the day, such as ’Was there any out of

the ordinary activity that improved or worsened your mood through the day?’. We will

use the latter to explore the potential relationship between positive or negative spikes in

heart rate or gait and their responses.

Participants also completed an online 15-item Geriatric Depression Scale (GDS-15)

once per week (Sheikh & Yesavage, 1986). This short form of the GDS consists of 15

yes/no questions with a single point score for each response indicative of depression. The

participants also completed the GDS-15 questionnaire online during the introductory

briefing. These responses were used as the baseline GDS to observe outliers (if any). Any

participants scoring >10 would be advised to have a GP consultation prior to participating

in the study. Higher scoring participants were not excluded immediately, as the GDS is a

screening tool rather than a diagnostic tool for depression (Greenberg, n.d.; Sheikh &

Yesavage, 1986). The questionnaires can be found in Appendix B.
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4.3.2 Interviews

Figure 4.1: Pre-post interview questions.

Two sets of interviews (Fig. 4.1) were conducted with the participants; at baseline and at

the end of the study period (week 4). Both sets of interviews were transcribed verbatim.

Pre-procedure interviews were performed to provide insight into the everyday lives of

participants in the 4-weeks preceding the procedure, as well as the impact of COVID on

regular interactions (if any). Post-procedure interviews were performed to gain feedback

on the procedure period itself.

The first set of semi-structured interviews (pre-procedure) were held in the intro-

ductory session, where participants also filled out the baseline GDS. The introductory

interviews consisted of a series of questions relating to the everyday lives of participants

and whether they were impacted by the COVID-19 pandemic. We added the COVID-19

component to account for anomalies in participant data, if they did feel impacted by the

pandemic. The second set of semi-structured interviews (post-procedure) were held after
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the 4-week study period. Participants were provided more detail on the study and its

objectives. To determine feasibility and usability, we asked the participants (1) about

their experience during the 4-week period, (2) whether they would be interested in the

autonomous mental health monitoring system we have proposed, (3) and what they

would or wouldn’t want to see in the mobile application. Such an application would

report their emotional state to their caregivers. For example, clean, straight forward

notifications versus a detailed dashboard view of vital signs. To gather insight on whether

participants felt any inconvenience or discomfort during the 4-week study period, we

asked participants a set of questions about the Fitbit device. Questions 1 to 3 (Fig. 4.1)

assessed the user experience. Questions 4 - 6 and 10 were designed to obtain feedback

for improvement on the study design, should the study be replicated in the future. Ques-

tions 7 and 8 asked participants about the likelihood of them being relaxed, given their

caregivers are informed of their mental health remotely. Finally, question 9 was designed

to determine the potential impact the framework as a whole may have on older aged

people living alone.

We performed a hybrid inductive/deductive thematic analysis (Xu & Zammit, 2020)

with four coders. Our deductive thematic analysis consisted of going into the analysis

with an existing direction, concept, or theme. The analysis was initially directed toward

acceptability and feasibility, however we developed sub-themes based on common texts

to provide more insight and direction, as is typically performed in an inductive thematic

analysis. In a workshop discussion setting among the authors, de-identified interview

responses were assessed to (1) generate initial codes, (2) search for themes, (3) review

the themes, and finally (4) define and name the themes. Both sets of interviews ran

for approximately 11 minutes and were administered via phone call by the primary

researcher and coder. The shortest interview ran for 4 minutes, with the longest running

for 16 minutes. Figures 4.2 and 4.3 show an overview of how interview responses were
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coded and analyzed.

Figure 4.2: Sample excerpt analysis between researcher and participant (R-P) (UX =
User Experience)

4.4 Results

A summary of participant demographics is presented in Table 5. Twelve participants

(mean age = 68.58) were interviewed prior to the 4 weeks with 9/12 participants (mean

age = 69.11) returning for a post-procedure interview (75% retention). The 3 participants

that did not attend the closing interviews were uncontactable, and their Fitbit data and

pre-procedure interview responses were excluded from the study. Closing interviews

were conducted with the remaining participants, to identify potential improvements to

the proposed framework (Fig. 4.1) and the effectiveness and feasibility of an autonomous

mental health monitoring approach in reducing caregiver burden and dependence. Fig-

ures 4.2 and 4.3 provide an example of how interviews were analysed. Themes were

formed based on key words and overall response context.
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Table 4.1: Participant demographics

ID Gender Age GDS Mean
(Baseline)

1a F 64 3.406 (3)

2 F 68 0.464 (0)

3 F 72 0 (0)

4a F 64 7.071 (6)

5 M 67 0.316 (0)

6 M 70 0 (0)

7 F 68 0.974 (1)

8 F 75 6.310 (9)

9 M 71 0.4 (0)

10 F 65 0 (0)

11a F 73 2 (2)

12 M 66 0.447 (1)

a Excluded from study. Did not return for post-intervention interview.

Figure 4.3: Excerpts from two researcher-participant (R-P) interviews with key words
highlighted by one coder.

64



4.4. RESULTS

4.4.1 Pre-Procedure Analysis

Figure 4.4: Pre-procedure themes: (a) COVID-19 impact on users in preceding 4-week
timeframe. (b) Frequency of visitation with friends, family, or medical practitioners.
Bars are different lengths as not all patients mentioned each of these items during the
interviews.

Emergent themes from our analyses have shown that participants had a positive life

outlook over the preceding 4-week period. Seventy-five percent of participants (9/12) had

mostly positive emotions. Forty-one percent (5/12) experienced some negative emotions,

of which 60% (3/5) were challenged with negative life events. Fifty percent of interviewees

(6/12) expressed a range of health concerns, with 83% (5/6) showing minor concerns, and

17% (1/6) having major health concerns.

All 12 participants had family members visiting them occasionally, while 83.3%

(10/12) had more frequent visitation with friends. Only 50% (6/12) had appointments

with medical practitioners, usually 1×/ yr. Where participants were asked about visitation

frequencies, responses (n=28) exceeded the interviewee count (n=12) as categories were

non-mutually exclusive. i.e., participants could state visitations with any or all categories

(friends/family/medical professionals). Categorically, 57% of the responses (16/28) showed

visits ranging between family, friends, or medical practitioners 1 or 2×/yr. However,

among participants that had more frequent interactions, 32% (9/28) indicated weekly

interaction with friends. Of the 12 participants, seven people had less interaction since
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the start of the COVID-19 pandemic (Figure 4.4b). Additionally, 67% of the participants

(8/12) felt that their lifestyle and daily lives were negatively impacted by the COVID-19

pandemic (Figure 4.4a).

4.5 Post-procedure Analysis

Responses after the 4-week study period were generally positive: 7 out of the 9 partici-

pants were pleased with the convenience and ease of study participation as well as the

limited hands-on time commitment that was required. Figure 4.5 illustrates a summary

of the thematic analysis for the post-procedure interviews. The user experience theme

exceeds 9 participants, as 2 of the 9 participants mentioned this more than once through

the interview. Moreover, 33% (3/9) of participants also experienced positive behavioral

changes over the 4-week study period, particularly increased awareness and motivation

to exercise more.
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Figure 4.5: Dominant inductive post-procedure themes for overall autonomous mental
health-monitoring system for older aged people (AutoMAP) implementation and overall
procedure period. User experience exceeds interview count due to repeat emphasis in
responses.

4.5.1 Study Feasibility

Six of the nine participants (67%) felt no discomfort during the protocol, while 1 par-

ticipant felt mild discomfort with having to wear the watch during warmer summer

days. Two of the nine participants (22%) stated feeling slight frustration and obtrusion

with having to wear the device overnight. Seven of nine interviewees (78%) found no

inconvenience during the procedure, with the most common concerns on compliance

being with the required daily mood report timing. Two of the nine participants (22%) felt

worried about responding correctly even though there were no right or wrong answers.

One participant found the diversion question ’What do you feel like eating right now?’

to be irrelevant, which was the purpose of the question. The procedure also resulted in

behavioral change in 33% of the participants (3/9), particularly through exercise aware-

ness and journaling during the daily self-reports. These participants mentioned feeling
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more motivated to increase their step counts, along with finding the open questions in

the daily mood questionnaires to be therapeutic.

The device setup process and usage were favored by most participants, with only one

participant having difficulty with the initial setup. Despite this, during data extraction,

we found that two additional participants incorrectly linked their devices to the Fitbit

application, which was resolved by requesting the participants to pair their devices

again.

Overall, our analysis showed generally positive outcomes during the 4-week pro-

cedure, with a 75% retention. Some participants were seemingly aware of the study

objectives, although not explicitly disclosed, while others found it to be a good aim once

they were provided more detail on our study goals. Participants were given a high-level

overview of the three components in the AutoMAP framework and how they are aimed

toward autonomous mental health monitoring for older persons.

4.5.1.1 Practicality & Applicability

Six of nine participants (67%) were interested in the full implementation of our working

prototype and stated that they would also feel more relaxed and at comfort knowing that

their mental wellbeing was being monitored, while the remainder felt it would be more

useful for those people with major depression or diagnosed ailments. However, there

were emergent themes pertaining to (1) privacy, (2) false positives (i.e., the end user is

alerted when there is no problem), and (3) false negatives (i.e., the end user is not alerted

when there is a problem). These will be addressed in the mobile application section.

Twenty-two percent of the participants (2/9) suggested that the prototype would be more

beneficial for users with specialized needs or diagnosed conditions such as Alzheimer’s,

Dementia, Autism Spectrum Disorder, Down Syndrome, or other known mental health

issues.

One of the nine returning participants appeared to have a positive and promising
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on life during the pre-post procedure interviews, although their GDS scores alluded to

a contradictory depressive state (mean = 6.310). One participant that did not return

for the post-procedure interviews had higher GDS scores (mean = 7.071) and had an

indifferent-to-positive outlook on life in the pre-procedure interview. Both participants

also rated their own moods very highly (mean = 8.31 and 7.8) respectively, showing that

self-perceptions of emotion are not always entirely accurate.

Seven (67%) of nine participants were pleased with the concept and potential of

the prototype but raised concerns on its practicality. They suggested that the prototype

may be a better fit for special needs persons of all ages or older aged people with more

serious impairments, aside from general ageing populations. The envisioned end users of

AutoMAP are the caregivers of older aged people using the smartwatch. However, one

participant presented a circumstance where a user does not have any close friends or

family and the end user could be missing or not concerned enough to follow up on alerts.

4.5.2 Mobile Application

The closing interviews also consisted of questions designed to collect suggestions and

preferences for our proposed mobile application. The application would essentially notify

users’ caregivers of their depressive tendencies. While participants were not shown a

visual mobile application, they were provided two design ideas for the application. One

being a neat minimal application with only bare essential information such as their

depressive score, and the other having more detailed information. Expanding on their

preferences, fifty-six percent of the participants (5/9) preferred a clean, minimal applica-

tion that would only send out plain-text alerts to the application end user (caregiver)

when the device user’s emotion levels reach a depressive tendency. For 2/9 participants,

the application interface was preferred to be semi-detailed and more visually based as

opposed to text-only. Another two participants did not specify interface preferences but
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raised concerns on potential issues such as misinterpretation or alarm in case of false

positives, and reduced privacy. Addressing these concerns, participants would be allowed

to choose what amount of information they want to be shared with their caregivers, with

their depressive scores being the bare minimum.

4.6 Discussion

4.6.1 Principal Results

Despite some participants facing minor technical difficulties during the initial device

setup and syncing process, participants were positive about the framework as a whole.

The procedure resulted in positive behavioral change, not only physical wellbeing, but

also mental wellbeing. Participants commented that the procedure made them more

aware of their physical activity, while some took the daily survey as a means of journal-

ing, which led to mental relaxation. Addressing concerns pertaining to the practicality

and applicability of our prototype for those that have no caregivers of their own, we

recommend a volunteer function within the AutoMAP mobile app that could allow other

nominated persons to check on users. Living through the COVID-19 pandemic, this could

also benefit the volunteers through added purpose or interaction.

Participants were concerned about the possibility of false positives sent to caregivers

or the potential implication of false negatives. To mitigate this, we will need to train and

test our algorithm to achieve high performance levels of emotion recognition from the

smart watch data. Where privacy is a concern, device users might choose what extra

information is visible to the caregiver. This could include (1) vital signs, (2) emotional

range history, and (3) movement patterns. We need to consider whether device users

should see their own emotion level information. This could cause unconscious bias or

emotion alteration.
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Although most participants favored a minimalist visual based notification application

design approach, we will provide options for semi-detailed views instead of minimal

or pure text-only for those that may prefer more information in the app. We propose

a mobile application that (1) notifies caregivers when a user’s scores are indicative of

depressive tendencies, (2) facilitates autonomy and privacy, and (3) allows for interface

selection. User scores will be determined through their physiological data and machine

learning techniques.

4.6.2 Strengths and Limitations

This study has several strengths. The procedure was convenient and easy to implement

from a user experience perspective. While some participants felt mildly concerned about

the device setup and compliance with a consistent time for the weekly and daily surveys,

all those who attended the follow up interviews were positive about the general study

design and ease of participation. We blinded participants to our study aims during our

pre-procedure interviews and informed participants of the study aims after the 4-week

procedure. This type of blinding prevented subconscious response bias. The overall

impression of the study was positive, with participants reporting that the 4-week study

was well conducted, easy to follow and had no significant inconvenience to their everyday

lives. Generally, the daily survey was perceived to be clear and concise, although in future

iterations, efforts should be made to add more range to the mood rating components of

the survey. This could potentially allow for finer, more detailed self-reported emotion

mapping.

Our study analyzed participants over the age of 65, with no diagnosed mental health

issues. A more diverse sample could improve the applicability and practicality of Au-

toMAP, as well as its performance and accuracy. While participants found the study

favorable, some preferred to not wear the device overnight. There may also be issues per-
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taining to sharing private medical user data. The latter will be assessed and considered

in future research. Despite our efforts to maintain engagement with all participants,

we were unable to interview 3 of the 12 participants for post-procedure feedback. In-

cluding these dropouts in our analysis may have provided a different perspective on the

feasibility and acceptability of the procedure and framework.

4.6.3 Comparison with Prior Work

Our findings align with previous research on smart wearables for emotion recognition

(Quiroz et al., 2018; Shu et al., 2020) or mental wellbeing (Chum et al., 2017; Lyons

et al., 2017). These findings show that wearable sensors can be utilized for emotion

recognition. Some of these studies (Quiroz et al., 2018; Zhang et al., 2016) were in

controlled settings, with deliberate emotion stimulation, where participants were not

emotionally invested in the stimulus. These studies also observed participants for short

time periods, meaning it is questionable whether the stimuli provided for emotion

elicitation had the intended effect. By contrast, our procedure was performed in real-

world settings, with participants keeping the Fitbit on during daily living. Therefore,

collected sensor data reflects emotions in real day-to-day life.

Promoting behavioral change through telephone counseling and smart wearables

has shown promising outcomes. Investigators also highlighted that competing wearable

products may have different applications and accuracies, which should be accounted

for in future replications of procedures using smart wearables. Another concern is

the sustainability of the procedure. The aforementioned study used a device from the

Jawbone company, which is no longer manufacturing devices. This could render the

implementation of procedures using Jawbone devices potentially invalid for long-term

implementation. In accordance with previous literature (Bai et al., 2021), we found Fitbit

devices to be an acceptable tool to monitor user mental health, albeit a study on sleep
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among those with MDD found Fitbit Flex devices to be incomparable with research

grade Activewathch-2. These findings however pertained to solely sleep focused analyses,

while our focus lies on a combination of physiological inputs for depression detection.

Additionally, our work differs in that we sought to determine the feasibility of Fitbit

devices for preemptive depressive tendency detection, in contrast to implementing the

devices for behavioral therapy for people with diagnosed depression.

4.7 Conclusion

On the basis of our pre-post interview findings, we will make modifications for future

replication of our study, including (1) predefined weekly and daily survey times for all

participants, (2) fewer diversion questions, (3) assisted device setup and walk-throughs

and (4) more check-ins with participants during the study period.

Additionally, we gained valuable insight on end user preferences for the mobile ap-

plication component of our framework. The combination of pre-post interviews enabled

showed that everyday conversations and external cues alone are insufficient to detect de-

pression or depressive tendencies in people alone. Future procedures should also recruit

specialized cohorts with more diverse diagnoses, such as people with other diagnosed

mental health issues such as dementia, autism spectrum disorder, and communication

impairment. Special cohorts were explicitly excluded from this preliminary study.

This study is a vital step to validate our framework and identify requirements for the

development of our proposed mobile application. Moving forward, we will develop the

mobile application, as well as train and test our machine learning algorithm to detect

depressive tendencies using physiological inputs. The machine learning component will

be integrated with the mobile application, to notify caregivers if the user’s score is

indicative of potential depression.

The next chapter presents a descriptive overview of the extracted Fitbit data. The
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data is also used to develop a dataset with participant GDS score and self-report mood

ratings. The resultant dataset is consequently used to train and evaluate the machine

learning component of the AutoMAP framework.
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EXPLORATORY OVERVIEW AND BEHAVIOURAL INSIGHTS

T
his chapter provides a descriptive overview of the extracted device data. Ob-

servations from this exploratory analysis will provide supporting evidence

toward using physiological data to detect depressive tendencies in users. The

resultant dataset will also be used to train predictive models for depressive tendency de-

tection. A detailed look into the dataset also aims to visually investigate trends between

participants with low, mild, or high depressive scores.

5.1 Background

Studies using smart wearables for emotion recognition achieved high accuracies >70%

for binary classifications across happy vs neutral vs sad or happy vs neutral vs angry.

Using smart watches and chest-mounted heart rate monitors for happy-neutral-sad

classification, researchers achieved median accuracies of 78% (Quiroz et al., 2018). A

similar study evaluated classification accuracies between pairings of neutral-angry-

happy emotions. The highest accuracy achieved was of 91.3% for a neutral vs angry

75



CHAPTER 5. EXPLORATORY OVERVIEW AND BEHAVIOURAL INSIGHTS

binary classification (Zhang et al., 2016). However, these studies were performed in a

younger cohort with emotion stimulation, and in lab-based settings (Quiroz et al., 2018;

Zhang et al., 2016). Physiological signals are frequently used for emotion recognition

such as smart watch heart rate data and prior research has observed the applicability

of using smart wearables along with accompanying sensors (Pollreisz & TaheriNejad,

2017; Quiroz et al., 2018; Shu et al., 2018; Zhang et al., 2016). An algorithm based on

electrodermal activity, skin temperature, heart rate and a Self-Assessment Manikin

form, achieved an accuracy of 57% for emotion tagging (Pollreisz & TaheriNejad, 2017).

While studies validated the applications of smart wearables for emotion recognition,

they were performed in semi lab-based settings, or required stimuli to illicit negative,

neutral, or positive emotions. Stimuli consisted of audio-visual inputs, with participants

walking for for a short distance post-stimulation (Quiroz et al., 2018; Shu et al., 2020;

Zhang et al., 2016). Participants were provided with audio-visual stimuli through a

variety of movie scenes and mood setting music clips such as euthanizing a pet or a

funeral movie scene to illicit sad emotions. Happy emotions were triggered through

comedic and positive stimuli such as Monty Python or Au Claire de Lune. Following

emotion stimulation, participants were asked to walk for one minute (Zhang et al., 2016)

or a distance of 250 meters (Quiroz et al., 2018), with start and stop times being recorded.

Additionally, on-body chest-mounted sensors, that could be deemed obtrusive when

worn for a prolonged time, have also been investigated (Quiroz et al., 2018). Statistical

modelling and time series analysis for emotion prediction showed a 74% higher accuracy

for happy versus sad emotions. In a similar study using heart rate and accelerometer

(gait) data, participants walked for one minute post visual stimulation. This resulted

in an overall prediction accuracy of 81.2% for binary emotion classification Zhang et al.,

2016). These studies provide evidence that human physiology can be used for emotion

recognition. While there have been various studies on emotion recognition (Pollreisz &
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TaheriNejad, 2017; Quiroz et al., 2018; Shu et al., 2018; Zhang et al., 2016), older aged

people (65+ years old), emotion recognition and the relationship between physiological

movements has been less explored.

Fitbit data were collected over a 4-week period. Participants also completed an online

GDS form weekly, as well as a self-reported mood Likert scale daily. Both online forms

were advised to be filled out at the same time throughout the study period. Device

data were extracted using Fitbit out-of-box and custom APIs. GDS and self-reported

mood Likert ratings were extracted through an out-of-box function provided by the form

hosting provider. All data were exported as CSV (Comma Separated Value) files.

5.2 Data Extraction

The GDS and self-report mood Likert questionnaires were completed by participants

online throughout the study. Data from these questionnaires were downloaded for each

participant individually. Data from the Fitbit were extracted using a custom API, along

with raw Fitbit data logs. The next sections detail each of the Fitbit measures that were

extracted, and at what granularity.

5.2.1 Heart Rate

Four heart rate zones were extracted at minute level granularity. These zones are

determined by the Fitbit device based on the users resting heart rate. The extracted

zones were Out of Range/Resting (max heart rate), Cardio (70 to 84 percent of your max

heart rate), Peak (85 to 100 percent of your max heart rate), and Fat Burn (50 to 69

percent of your max heart rate). For our analysis, we labelled each of these zones as H1,

H2, H3, and H4 respectively.
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5.2.2 Sleep

Four sleep zones per night were also extracted at minute level granularity. These zones

are determine based on breathing patterns and heart rate during the sleep period.

Deep, Light, REM, and Awake were labelled as S1, S2, S3, and S4 respectively, for our

analysis. In addition to this, we also extracted sleep quality and restlessness scores.

These measures were extracted at per night granularity, as single score summaries.

5.2.3 Step Count

Pedometer data were extracted as ’per day’ summaries.

5.2.4 GDS and self-reported mood rating

Participants completed the GDS once per week and the calculated score was applied to

the entire preceding week. The GDS was designed to calculate depressive scores based

on how the participant felt over the preceding week through 15 Yes/No questions.

Participants also completed a self-reported mood scale. We compared these ratings to

verify whether self-perception and evaluation of own mood are reliable or not (Mughal

et al., 2020). That is, some participants rated their mood consistently as >8 on a 1

to 10 scale with 10 being the most positive mood, while their GDS scores measured

concurrently indicated high depressive tendencies. The higher the GDS score, the higher

the depressive tendency. This is further detailed in Section 5.4.2.

Heart rate and sleep zones were categorized by combined minutes in each respective

zone for that day. These measures were extracted and analysed to observe their correla-

tion with depressive tendencies in the user. Combined daily summaries were labelled

according to the corresponding daily mood ratings and weekly GDS scores. Overall, in

the 4-week study period, we obtained 2,365 Fitbit data samples across 11 measures (H1,
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H2, H3, H4, S1, S2, S3, S4, sleep score, restlessness, and step count), 32 GDS scores, and

215 self-reported mood ratings.

Figure 5.1: Activity similarities based on minute distribution spread.

5.3 Pre-processing

Extracted pre-post interview data, questionnaire responses, and Fitbit data samples

were run through a pre-processing pipeline to transform the data for analysis. The data

pre-processing pipeline consists of standard extract-transform-load (ETL) techniques

(Kheirkhahan et al., 2019). Participant GDS responses and self-reported Likert ratings

were extracted using features from the online form platform (Google Forms).

Raw Fitbit data were transformed into a readable data for analysis. First, raw Fitbit

data were extracted using (1) a custom API, (2) Fitbit APIs, and (3) out of-box data logs.

Heart rate data, sleep data and walking data were then transformed to output uniform

data. For this, Fitbit data samples were normalized through rescaling within the range

0 to 1 (Fig. 5.4). Second, missing values (3 days ×1 participant) were imputed through

replacement using means of non-missing values in the dataset. The data were then

collated with participant mood ratings and labelled with participant GDS scores. These

scores were calculated by the primary investigator using the validated GDS calculation
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guideline (Sheikh & Yesavage, 1986). The pre-processing ETL pipeline is visualized in

Figure 5.2.

Figure 5.2: ETL pipeline: data extraction, transformation, and labelling for the resultant
dataset.

5.3.1 Dataset Summary

The final dataset consisted of 215 samples. Only 8 / 12 participants were included in

the dataset for further analysis. Following dataset preparation, preliminary exploratory

analysis was performed. As participants were not recruited based on their baseline GDS

scores, combined participant GDS data were right skewed. While data were normalized

to scale all data points within a uniform range (Fig. 5.4), it did not have a significant

impact on the skewness of the data.
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5.4 Descriptive Analytics

Figure 5.3: Raw data sample summary.

Figure 5.4: Normalized sample summary.

5.4.1 Correlation Evaluation

To investigate the correlations between physiological outcome measures and GDS scores,

correlation heatmaps were plotted using correlation coefficients. This coefficient repre-

sents the strength of the linear relationship between two variables (Schober et al., 2018).

Due to the limited nature of the dataset, at this stage only linear relationships were

investigated. Studies have been conducted to determine the reliability of small or limited

datasets (Han et al., 2021; Torgyn et al., 2015). One particular study (Torgyn et al., 2015)

contended that probability weighting, sampling design, and variable screening play a

significant role in prediction performance, while stacking random forest can provide

improvements over random forests. A negative coefficient indicates that the respective
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physiological feature changes in the opposite direction as a person’s depressive standing.

That is, if a person’s GDS score or depressive tendency were to increase, a negatively

correlated physiological feature would decrease. On the other hand, a positive correlation

indicates changes in the same direction. Such as a decrease in depressive tendency

resulting in a decrease in Cardio (H2).

Heatmaps were plotted with different variations of the dataset. These heatmaps are

discussed further in Section 5.4.1. Individual participant heatmaps were visualized to

observe patterns in correlation for low versus mild versus high depressive tendencies

(based on GDS scores). Figures 5.5, 5.6, and 5.7 illustrate the correlations for three

participants among low-mild-high depressive tendencies. The majority of the physiolog-

ical features were negatively correlated with the GDS scores for the participant with

low depressive tendencies, i.e., an increase in depressive tendencies for this participant

resulted in reduced overall activity and reduced sleep quality.
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Figure 5.5: Correlations for low depressive tendency.

Fig. 5.6 shows a visualisation of the correlations for a participant with mild depres-

sive tendencies. Heart rate feature correlations unlike with the participant with low

depressive tendencies are more positively linked; i.e., the user has increased minutes of

sleep in each zone when they have higher GDS scores. Similarly, sleep patterns for this

participant are all positively linked to depressive tendencies (GDS) in the user, while the

participant with low depressive tendencies had negatively linked sleep patterns. That is,
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with an increase in depressive tendencies, the user had reduced minutes in each sleep

zone. Some features were correlated similarly between participants strengthening the

idea that there is no ’one-size-fits-all’ model that can be applied for mental health moni-

toring. Some people with depression may become more active, while others may become

less active. This supports the use of multiple sensors to detect depressive tendencies in a

user, as opposed to individual features on their own.

Figure 5.6: Correlations for mild depressive tendency.

Finally, a look at the heatmap for a participant with high depressive tendencies (Fig.
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5.7) shows similar coefficients when compared to the participants with low and mild

depressive tendencies, however with opposing polarities for most features. This links

directly with Hypothesis 2, confirming that physiological behaviours for participants

with higher depressive tendencies differ from those with lower depressive tendencies.

Figure 5.7: Correlations for high depressive tendency.

Figure 5.8 shows the correlation heat map for the entire dataset consisting of partici-

pant data from all 8 participants. Data for 4 excluded participants were not included in
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the analysis.

Figure 5.8: Correlations for all participant data.

The correlation plot (Fig. 5.8) for the whole dataset, correlations between physiological
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measures and GDS responses. To investigate whether a more balanced dataset would

have a noticeable impact on the correlations, Figure 5.9 visualizes the correlation plot

for a subset of the data. This subset consists of data from three participants, with one

having relatively low GDS scores (0-1), one with mid-range GDS scores (3-4) and one

with high GDS scores (4-9).

Figure 5.9: Correlations for Low-Mild-High scoring participant data.
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The two heatmaps (Fig. 5.8 and 5.9) illustrate minor variations in correlations for

H1, H3, Sleep Score and Mood against the GDS, while other features have slightly more

noticeable coefficient value differences. These correlation plots provide visual insight

and evidence that individual physiological measures or signs may not be indicative

of depressive tendencies in a person. Combining these measures has the potential to

provide stronger indication toward depressive tendencies in a person.

5.4.2 Emotion Variation

In Chapter 4, through baseline interviews and GDS scores, self-mood perception is not

always accurate. Studies have also shown that verbal cues are often not indicative of

inner emotions (Ekman, 2004). Further, research has also shown that patients suffering

from Major Depressive Disorder (MDD), have lower Heart Rate Variations (HRV), which

may mean they have lower mood fluctuations (Hartmann et al., 2019; Li et al., 2019). It

has also been observed that older-aged people do not see mental health as something

to talk about, or something that is treatable (CDC, 2021). As such, mood and GDS

fluctuations for the 3 participants throughout the 4-week study period are shown in

Figures 5.10 and 5.11.

Figure 5.10: Mood fluctuations between low-mild-high scoring participants.

There are larger mood fluctuations for participant 5, with their corresponding GDS
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scores having a single point fluctuation. Participant 1, with relatively mid-range GDS

scores, showed a similar range of mood fluctuations. On the other hand, participant

8 with the highest GDS scores showed the most stable and least fluctuating mood

ratings throughout the 4-week study period. This participant also had the largest GDS

score fluctuation among all 8 participants included in the post-intervention analysis.

These observations highlight and strengthen previous findings that self-emotion or mood

perception may not always be as indicative or reliable as presumed.

Figure 5.11: GDS score fluctuations for low-mild-high scoring participants.

Figure 5.12 additionally compares mood fluctuations between a participant with low

GDS scores and a participant with high GDS scores.

Figure 5.12: Mood fluctuations across low vs. high GDS scores.
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5.5 Conclusion

In this chapter, a descriptive overview of physiological Fitbit data was presented to

gain insight on the differences that may be reflected among participants with different

levels of depressive tendency. Findings from this analysis provide the foundation for

the machine learning component of the AutoMAP framework. Moving forward, using

the AutoMAP dataset, a predictive regression model will be built and evaluated for its

applicability in the framework as well as its performance toward depression detection.

The next chapter provides insight into the predictive modelling processing.
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PREDICTIVE MODELLING FOR DEPRESSIVE TENDENCY

DETECTION

T
his chapter provides the findings of model evaluation using the dataset pre-

sented in Chapter 5. Outcomes of the quantitative analysis provide validation

on the applicability of machine learning models in the AutoMAP framework.

An excerpt of the dataset used to train and test models can be viewed in Appendix C.

The dataset was run through various machine learning models, particularly regression

models, in order to highlight the top performing models. As the goal is to produce a non-

categorical score for depressive tendency in a user, not to diagnose whether depressed or

non-depressed, only regression models are evaluated in this research.

6.1 Introduction

In comparison to mental health applications, there is more focus toward physical health

applications, such as positive activity behavioural change (Lyons et al., 2017; J. Naslund

et al., 2014; Ridgers et al., 2016). Machine learning is increasingly being implemented
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for healthcare and has various applications such as outpatient care (Lustrek et al., 2015;

NIA, 2017; Sahu et al., 2020) as well as mental health care (Garcia-Ceja et al., 2018;

Kumar et al., 2021; Kyamakya et al., 2021; Randhavane et al., 2020). Kumar et al.

(2021) investigated the use of ensemble machine learning methods (SVM, K-Nearest

Neighbours, Decision Trees, Logistic Regression) for depression detection. The study

used a ready-made dataset relating to unemployment and depression. Findings showed

improved classification accuracies using ensemble methods, setting the foundations for

future studies. Based on this, a different study (Randhavane et al., 2020) used video-

based explicit activity recognition. They gathered affective features from gait postures

and movement cues to perceive emotional states and analysed the data through Random

Forest classifiers. This approach achieved a classification accuracy of 80.07%. Using

contextual inputs for processing, a recent study (Choi et al., 2021) proposed emotion

recognition in conversation using a convolutional neural network. Although this is an

interesting direction for emotion recognition, it still requires explicit input from the

user for emotion inference. Sathyanarayana et al. (2016) also explore the possibilities

of using deep learning for sleep quality prediction using on raw wearable data. This

study provided a foundation for possible future directions of this research. Deep learning

could be implemented and compared with the outputs of a classical machine learning

approach, such as random forests, decision trees and logistic regression. However, at

this preliminary stage, the study is focused on using ensemble methods for depressive

tendency prediction.

Research on emotion recognition using smart watches has allowed for the use various

machine learning techniques to develop predictive models for emotion classification

(Quiroz et al., 2018; Shu et al., 2020; Zhang et al., 2016). Data were collected under lab-

based or controlled settings, requiring external emotion elicitation, along with obtrusive

on-body sensors. These models mostly used heart rate or gait patterns in single or dual
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modalities to produce binary classifications across emotions with high performance

accuracies of (1) 91.3% (neutral vs. angry), (2) 88.5% (neutral vs. happy), and (3) 88.5%

(happy vs. angry), respectively; classification between happy-neutral-angry achieved an

accuracy of 81.2% (Zhang et al., 2016). Our research aims to implement multivariate

continuous physiological user data from a routine-based 4-week collection period with

per-day summaries of user sleep, heart rate and step counts from pedometer and optical

heart-rate sensors to infer depressive tendencies in a user. The implementation of the

AutoMAP framework is not intended to be used as a binary, categorical or diagnostic

tool. Data from these sensors has been detailed in Chapter 5. The next section presents

the steps taken to develop and evaluate a predictive model for depressive tendency

prediction. This model is intended to produce a continuous, non-categorical output.

6.2 Evaluation Setup and Measures

To determine which predictive model fits our data best, we assessed 19 models using

a 10 - fold cross-validation. Shuffled data were split into 10 groups (Fig. 6.1), with 9

groups being used as training sets, and 1 group as the validation set (scikit-learn, n.d.-

a). Evaluated variables included common regression metrics, namely, mean absolute

error (MAE), mean square error (MSE), root mean square deviation (RMSD), R-square

(R2), root mean squared logarithmic error (RMSLE), and mean absolute percentage

error (MAPE). These performance measures were averaged to determine the overall

performance of each evaluated model. Features were labeled with corresponding GDS

and mood values to train the models for the recognition and prediction of depressive

tendencies. To train, test and evaluate our predictive models, we used scikit-learn (scikit-

learn, n.d.-b) and pycaret (Ali, 2020) libraries.
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Figure 6.1: 10-fold cross-validation process.

6.2.1 Training and Selection

We compared 19 models using 10-fold cross-validation. All evaluation metrics were based

on the training set, which consisted of 69.7% (150 samples) of the dataset. The remaining

30.2% (65 samples) were separated as a hold-out/test sample. Among the top 5 of the

19 evaluated models (Fig. 6.2), the gradient boosting regressor tree model outperformed

other models in 4/5 metrics (MAE, MSE, RMSE, and R2). Better models have lower MAE,

MSE and RSE, while having a high R2. Some R2 values are seen in the negative range,

indicating that the respective model fits the data very poorly.
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Figure 6.2: Model comparison of 19 best performing regression models.

6.2.2 Feature Evaluation

We visualized scaled measure distributions for all users using boxplots (Fig. 5.1). A small

spread indicates a similar amount of time (minutes) in the respective measure zone

among all users. A more spread-out boxplot on the other hand, indicates variability in

the respective zones. Outliers were not removed, to observe their impact on determining

depressive tendencies.
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Figure 6.3: Feature p-values.

We assessed the p-values for all features (Fig. 6.3). This showed statistical significance

for H3, H4, S3, S4, sleep score and restlessness for predicting depressive tendencies

within the sample population. These values show that certain heart rate and sleep zones

can be indicative of depressive tendencies, while others may not be as relevant. P-values

of 0.05 or less were deemed statistically significant. While p-values were used to reject

the null hypothesis for features, they did not feature importance.

For better model interpretability, we computed feature importance across all features.

To calculate the feature importance, the number of times a single feature was used as

the starting point of a tree node and then divided by the total number of trees to get an

average. We plotted feature importance values (Fig. 6.4) for each feature for all users.

This feature importance plot shows which features contributed more to the predictive

power of the model. A higher value indicates more importance over other features for

prediction. A compact boxplot signifies that the respective feature was important among

across all samples. Concurrently, a taller boxplot means that the data is more spread

out, and signifies that the feature was only important for some samples, while not as

important for others. Among all users, sleep score was the most important feature.

96



6.3. DISCUSSION

Figure 6.4: Feature importance.

6.3 Discussion

Our findings show that physiological signals can be used to identify depressive tendencies

in older aged people using some models. We also observed activity similarities within

subjects, as shown in Fig. 5.1. Although some models showed some predictive accuracy,

most models did not. Given this, and the limited sample size, it is possible that significant

results are a result of model overfitting rather than real predictive accuracy. As such

although these preliminary results are promising, they would need to be replicated in a

larger sample of older people, who exhibit a wider range of depressive tendencies.

97



CHAPTER 6. PREDICTIVE MODELLING FOR DEPRESSIVE TENDENCY
DETECTION

Figure 6.5: Gradient boosted regressor goodness of fit.

The distribution of heart, step count and sleep behaviors among older aged people

showed similarity among movements in the sample population. A combination of heart

rate zones, step count, and sleep zones together could be used to detect depressive

tendencies in older aged people. Linear regression p-values (Fig. 6.3) indicate that most

evaluated measures have a significant probability of identifying depressive tendencies

in a user. Feature importance (Fig. 6.4) further strengthens that these measures, when

combined, may be able to predict depressive tendencies in the user.

Looking at feature importance, sleep measures hold more weight in identifying

depressive tendencies in older aged people. The higher the feature importance, the more
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predictive the feature is. Combined with step count and heart activity minutes, the

ability to predict increased. Comparing model performances using features extracted

from the Fitbit Alta HR smartwatch, we observed an R-square of 0.3268. On a scale of 0

to 1, the higher the R-square, the better.

Normally, R-square values ranging 0.6 - 1.0 are considered high. However, due to

the nature of the dataset, a value of >0.7 in this case would indicate overfitting. In

human behavior or psychology-based research, it is not uncommon for R-squared values

=<0.5 as humans are unpredictable (Ballard, 2019). This is however likely to have been

symptomatic of the limited size and nature of the dataset. While 0.3268 is less than ideal,

it is promising given the limited dataset. It also provides a foundation for future research

and direction toward the application of smart wearables in the mental health domain.

Moving forward, we aim to retrain our model with a larger, more balanced dataset.

Our data collection and analysis stage came with various challenges. Three of the

12 participants did not return for the post-intervention interviews conducted upon

study completion. Of the remaining 9, 2 participants had device sync issues, of which 1

participant cooperated in resyncing and the other was not responsive after continued

efforts. Due to this, 4 participants and their Fitbit data were excluded from the study.

As a minimum GDS score cut-off was not part of the inclusion criteria 6/8 participants

had low to no depressive tendency, while the remaining 2 were on the higher end of the

depressive tendency spectrum (mean score: 7/15). This led to the dataset being skewed

in relatively small dataset. Despite this, we observed p-values of <0.05 for individual

features, indicating an effect in predicting depressive tendencies in a person. A larger

dataset may provide further insight into the statistical significance of each measure.
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Figure 6.6: Gradient boosted regressor performance scores.

6.4 Conclusion

Despite challenges, preliminary analysis and model training indicate that smart wear-

able physiological data can potentially be used to predict depressive tendencies in users.

We further hypothesize that a more balanced and larger dataset would produce stronger

evidence and better validation in the direction of using smart wearables for unobtrusive

mental health monitoring.

Our feasibility study, at an earlier stage found AutoMAP to be favorable to older aged

people (Mughal, Raffe, Stubbs, Kneebone, et al., 2021). Older aged people noted that they

would feel more comfortable knowing their mental health was being monitored, without

requiring physical assistance or continual interaction with a person or device. Since it

requires no explicit user interaction and was found to be primarily unobtrusive (n = 2),

AutoMAP may be more impactful for those with verbal impairments or disabilities, such

as intellectual disability.
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CONCLUSIONS, LIMITATIONS AND FUTURE WORK

T
he goal of this research has been to develop and investigate the feasibility

and acceptability of a conceptual framework that provides autonomous men-

tal health monitoring for older aged users through minimally obtrusive data

collection and little to no explicit user interaction. From this, a user study was planned,

designed, and conducted for qualitative and quantitative inputs from participants. The

framework was tested and assessed through (1) user device testing, (2) feasibility partici-

pant interviews, and (3) predictive model evaluation.

In Chapters 1 and 2, theoretical foundations were laid out, along with the introduction

of the AutoMAP. Chapter 3 then outlined the methods and materials applied in this

research. Chapter 4 presented the qualitative outcomes from a feasibility evaluation

on the User Input component of the AutomMAP framework. Subsequently, Chapter 5

provided descriptive insights from exploratory analyses on quantitative physiological

Fitbit data. Building on the findings from the preceding chapter, Chapter 6 explored

the predictive modelling and evaluation processes that fit into the Machine Learning

component of the AutoMAP framework.
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This chapter delivers a high-level summary of the work presented in this thesis. The

first part of this chapter summarizes the key contributions of this research. The second

part of this chapter outlines the limitations encountered during the various stages of

this research. Finally, the third chapter of this chapter describes the future directions of

this work along with concluding statements.

7.1 Contributions

This thesis presented a new conceptual framework for autonomous mental health moni-

toring for older aged people, referred to as AutoMAP (Fig. 7.1). The AutoMAP framework

was designed to incorporate and implement consumer-grade smart wearables, machine

learning models and a mobile application to aid in improving the quality of life for older

aged people that live alone.

Through a comprehensive literature review, strengths, gaps, and limitations of ex-

isting emotion recognition research were identified, which narrowed down and selected

the least obtrusive device (the Fitbit Alta HR), while being cost-effective and easily

implementable. The data collected and extracted from this device showed encouraging

correlations with self-reported mood ratings and GDS scores for users. Extracted Fitbit

data for all users was preprocessed and collated into a single dataset comprised of heart

rate zones, sleep zones, sleep score, restlessness, step count, GDS score, and self-reported

mood Likert ratings. Scores calculated from participant GDS responses were used as la-

bels to train the machine learning model for prediction of depressive tendencies in users.

A comparison of self-reported mood ratings and GDS scores showed that self-perceived

emotional wellbeing may not always be as accurate and reliable. This, strengthens the

need for autonomous mental health monitoring, particularly in older aged people.
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Figure 7.1: The AutoMAP framework.

Interviews with participants pre- and post- procedure were analysed suggesting that

the AutoMAP framework has promising potential toward improving the quality of life of

older aged people that live alone. Having their mental health monitored without explicit

interaction with caregivers, or requiring constant care, would likely make them feel more

comfortable and independent.

Due to the nature of GDS labels, only regression models were evaluated for our

predictive model. The GDS scores range from 0 - 15, and so the AutoMAP framework

was designed to process continuous values, producing a predictive score within a range
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aligned with the validated GDS. Additionally, as the AutoMAP framework is not intended

as diagnostic tool, and binary classifications of depressed vs. non-depressed were ruled

out at a very early point of this study.

The key contributions that addressed the research motivations are summarized in

the next section.

7.2 Addressing Research Questions

This section offers an overview of how each of the research questions presented in

Chapter 1 have been addressed by key contributions of this study.

7.2.1 Least obtrusive device for user input

The first research question was ’Will older aged people use the chosen wearable device

with ease and convenience in a routine-based implementation?’

Through a comprehensive literature review in Chapter 2, a device was selected and

incorporated into the AutoMAP framework. During a 4-week study period, participants

wore the Fitbit Alta HR for the entire period. To assess the convenience and acceptability

of this device for data collection, participants were interviewed on the feasibility and com-

fort of having to wear the device all day, especially when sleeping. Our analyses detailed

in Chapter 4 found common themes of acceptance and convenience when using the Fitbit

device. Findings from our qualitative analysis provide evidence that a less obtrusive data

collection is feasible and potentially more suitable for real-world implementation and

applications for emotion recognition. Inclusion of participants with diagnosed mental

health illnesses or cognitive impairments may provide different inputs, which would be

the ideal next step of this research.
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7.2.2 Applicability for classifier training

The second research question was ’Can physiological data from wearable devices be

indicative of depressive tendencies in users?’

Through Chapters 5 and 6, following data extraction from the Fitbit device and

dataset preparation, various machine learning models were evaluated. As the Fitbit data

consisted of continuous values, only regression models were evaluated as the AutoMAP

framework aims to be a predictive tool, not a diagnostic one. While the models did

not have ideal performance, given the limited nature of the dataset, the results are

promising as a proof-of-concept validation. Additionally, the performance of the models

was impacted by the imbalance in depressive tendencies of the participants, not the

Fitbit data itself. It can be concluded that Fitbit or smartwatch data can potentially be

used to predict depressive tendencies. Although an improved dataset would be integral

in validating the full applicability and potential of Fitbit or smartwatch data being

indicative of depressive tendencies is users.

7.2.3 Potential in reducing caregiver burden

The final research question was ’Can the proposed framework have a potential impact in

reducing caregiver burden and assisting older aged persons living independently?’

While participant caregivers were not directly interviewed in this study, partici-

pants were asked about the feasibility, usability, and potential impact of the AutoMAP

framework for themselves. A common theme in participants responses was that the

framework would help them feel more comfortable and at ease knowing their mental

health is looked after through remote monitoring. Some participants also highlighted

that the framework may have a higher impact for those with disability. This was also

highlighted as a gap earlier in this thesis. Post-stroke patients, non-verbal users, people

with people with Autistic spectrum disorder, dementia or Alzheimer’s could also benefit
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from the full implementation of the AutoMAP framework. This will also be explored in

the future directions of this research. Through our qualitative interview analyses, it can

be concluded that the user of consumer-grade smart wearables to monitor the mental

health of older aged people can potentially minimize caregiver burden that may be faced

by the carers of older aged people. Further investigation would be essential in addressing

whether AutoMAP can effectively reduce caregiver burden.

Although this research has investigated a proof-of-concept framework and can poten-

tially be used to autonomously monitor mental health of older aged people, the limited

size of the sample population leaves room for further research toward Research Question

2. The next section will cover the challenges and limitations of this research.

7.3 Limitations

This research inevitably came with some challenges and limitations. As this was a

pilot study, ethical constraints limited medically diverse recruitment of older aged

people. The initial aim was to recruit participants with diagnosed mental health issues,

Alzheimer’s, and dementia. However, due to ethics constraints at this preliminary stage

of the research, only generally older aged people were able to be recruited into the study.

Furthermore, due to limited resources and possibly the COVID pandemic, the population

sample was also fairly small. Participants were also not recruited based on their GDS

scores, and as such there was an imbalance across participants with low depressive

tendencies (score = 0 - 5) and mild to high depressive tendencies (score = 6 - 15).

Upon completion of the study, some participants did not return (n = 3). Due to this,

their Fitbit data and pre-procedure interview data was excluded from our analyses. This

impacted the model training component of the research and increased the chances of

model overfitting. A more medically diverse, and a much larger sample population has

the potential to produce more promising results in the future. Given the limited nature
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of the dataset, it would be imperative to further evaluate the reliability and capability of

physiological smartwatch data in predicting depressive tendencies in users.

7.4 Principal Findings

The most significant findings of this thesis include the development of a conceptual

framework that delivers autonomous mental health monitoring for older aged people,

a comprehensive literature review and the validation of using consumer grade smart

wearables as a means of unobtrusive data collection. The main components of this

framework were tested and assessed through participant feedback and evaluation of

predictive performance of the machine learning model.

A comprehensive systematic review presented the latest trends in mental health,

particularly depression, emotion recognition using smart devices, types of sensors used,

common settings for data collection and emotion elicitation. Mixed design analyses

led to the validation of consumer grade smart wearables being acceptable and feasible

for use as a means of unobtrusive data collection on the use of depressive tendency

monitoring among older aged people. Finally, incorporating smart devices and applied

machine learning to aid in potentially alleviating mental health episodes in the older

aged generation by means of monitoring and early detection, a conceptual framework

was designed and evaluated.

As introduced in Chapter 1, this research sought out to answer three primary ques-

tions:

• Will older aged people use the chose wearable device with ease and convenience in

a routine-based implementation?

• Can physiological data from wearable devices be indicative of depressive tendencies

in users?
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• Can the proposed framework have a potential impact in reducing caregiver burden

and assisting older aged persons living independently?

While addressing these questions, a series of experiments and analyses were con-

ducted. These experiments and analyses were designed to systematically build upon

each other.

(1) Initially, a thorough literature review was conducted. This review presented a

comparative overview of the current state of research in the domain of smart wear-

ables for health. The primary purpose of this thesis was to extend and contribute to

the body of knowledge on smart devices, digital health, and ageing. The AutoMAP

framework was also developed through this review, which served as a foundation

for the remainder of the research. Findings from this systematic literature review

and the AutoMAP framework were presented at SeGAH ’20 as a conference paper

(Mughal et al., 2020).

(2) Through a 4-week exploratory closed cohort study, a feasibility evaluation was

administered with 12 older aged people using Fitbit Alta HR smart watches. This

investigation determined the usability, feasibility, and applicability of using smart

wearables, particularly Fitbit Alta HR smartwatches for unobtrusive, implicit user

interaction. Qualitative findings from this evaluation have been submitted to the

Journal of Medical Internet Research, and is currently in the final stages of review

(Mughal, Raffe, Stubbs, Kneebone, et al., 2021).

(3) Following the 4-week study, physiological data for all participants were extracted

and investigated for correlations between depressive tendencies and physiological

behaviours. Data from the Fitbit were used to train and evaluate machine learning

models for depressive tendency prediction. Calculated depressive tendency scores

were used as data labels for supervised learning. Quantitative findings and descrip-
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tive insights for the resultant dataset have been accepted as a conference paper

at SeGAH ’22. These findings provide evidence that physiological behaviours can

be indicative of depressive tendencies users and highlighted the applications of

machine learning models for depressive tendency detection through Fitbit data.

7.5 The AutoMAP Framework

Our aim through this research was to use Fitbit smartwatches, machine learning models

and a mobile reporting application to aid in reducing caregiver burden by monitoring user

mental health remotely. As such, we proposed AutoMAP (Fig. 1.3). With this framework,

we used smart watches for data collection (Fitbit Alta HR). This was an unobtrusive

method to collect data and requires minimal to no explicit user interaction. Extracted

physiological data (sleep patterns, steps, and heart rate patterns) was then processed

and run through a predictive model to determine depressive tendencies in the user.

Calculated scores would then be reported to an allocated caregiver via a mobile app.

To address privacy concerns, the user would be able to decide the depth of information

shared with their caregiver, with the depressive score being the bare minimum. Our

feasibility validation of the AutoMAP framework achieved an 87.5% retention and 75%

acceptability rate. The protocols followed in this study are detailed in Chapter 4.

7.6 Future Work

The work presented in this thesis provides several potential directions for future work.

For the user input component of the framework, in terms of devices for data collection,

different consumer-grade smart wearables can be compared and evaluated. In this

research, based on comprehensive literature reviews and cost comparison, the Fitbit

Alta HR was selected. There are many competing smart watch brands that may or may
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not provide more accurate user physiological measurements. Branching out from just

smart watches, other internet of things (IoT) devices and smart home technologies could

also be evaluated for potential applicability to the AutoMAP framework. As discussed

in Chapter 2, wireless internet routers have can recognize activities through walls, this

paves the way for assessment of emotion and possibly mental health.

A larger and medically diverse participant cohort could be included in the study to

investigate the impact of the framework. In particular, participants with diagnosed de-

pression, dementia, Alzheimer’s, autism spectrum disorder or post-stroke patients could

provide more insight on the accuracy and usefulness of the AutoMAP framework. More

participants, spread out more evenly along the depressive tendency (GDS) spectrum

could improve model performance in predicting depressive tendencies in a person. Fur-

ther, this research consisted of more female participants (n = 8) as opposed to male (n =

4). Four female participants were excluded from the study, resulting in a gender balance

during further analysis. Gender impact on depression, reduction of caregiver burden and

the performance of the AutoMAP framework could be investigated in more depth with

a participant pool consisting of an equal number or men and women. Other factors to

potentially study could include (1) socioeconomic status, (2) cultural background, and

(3) geographical location. These factors may increase or reduce the usability, feasibility,

acceptability, and overall impact of the AutoMAP framework.

Data collection for this pilot study was conducted over a 4-week period. This duration

could be extended for further framework validation and feasibility testing. Extended

user case studies with older aged people and their respective caregivers would allow

for a more in-depth analysis on how effectively the AutoMAP framework can aid in

reducing caregiver burden. Future replications of this study should aim to branch out,

not only to a more medically diverse participant population, but also investigate the

potential applicability for detecting depressive tendencies in users of any age. Other
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sensor data could also be investigated for their effect on the performance accuracy in

detecting depressive tendencies in users, such as gyroscope data, accelerometer data,

and stride patterns.

The AutoMAP framework presented in this thesis is a step toward autonomous

mental health monitoring through least obtrusive means. The framework incorporates

cost-effective, easily implementable, and convenient smartwatches with machine learning

and mobile applications to increase comfort and the quality of life when living alone,

while potentially alleviating caregiver burden. Even in the face of multiple obstacles and

challenges during various phases of this research, this research lays out a foundation

toward autonomous mental health monitoring among older-aged people.
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APPENDIX

Figure A.1: Participant Information: Page 1
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Figure A.2: Participant Information: Page 2
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Figure A.3: Participant Information: Page 3
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Figure A.4: Reminder checklist
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Figure A.5: Fitbit Easy Care Guide: Page 1
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Figure A.6: Fitbit Easy Care Guide: Page 2
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Figure A.7: Fitbit Easy Care Guide: Page 3
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Figure A.8: Emotional Distress Resource List
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APPENDIX

Figure B.1: Online self-reported mood Likert Questionnaire
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Figure B.2: Online GDS Questionnaire - Part 1
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Figure B.3: Online GDS Questionnaire - Part 2
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Figure B.4: Online GDS Questionnaire - Part 3
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APPENDIX

Figure C.1: Data excerpt for training dataset
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